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Abstract 


The  technique  of  linear  regression  has  been  applied 
as  a  tool  for  predicting  the  cost  of  an  item  based  on  its 
most  important  characteristics.  Often  these  characteris¬ 
tics  (variables)  tend  to  be  highly  intercorrelated  (the 
data  are  said  to  exhibit  multicollinearity )  causing  least 
squares  estimates  of  the  regression  coefficients  to  be 
unstable  and  possibly  leading  to  erroneous  predictions. 

Ridge  regression,  a  possible  remedy  for  the  problems 
caused  by  multicollinearity  proposed  by  Hoerl  and  Kennard, 
is  a  biased  estimation  technique  which  reduces  the  variance 
of  estimators  and  provides  more  precision  (as  measured  by 
mean  square  error  of  the  coefficients)  than  ordinary  least 
squares  (OLS)  estimators. 

A  comparison  was  made  between  .these  techniques  to 
determine  when  ridge  regression  provides  better  cost  equa¬ 
tion  coefficient  estimates  than  OLS  as  a  function  of  the 
degree  of  multicollinearity  in  the  data,  the  number  of  pre¬ 
dictor  variables  in  the  model,  the  degree  of  model  fit 
2 

(R  ),  and  the  amount  of  bias  (k)  of  the  estimate. 

Monte  Carlo  simulation  was  used  to  generate  data 
for  linear  and  log-linear  model  forms.  A  regression 
analysis  of  both  sets  showed  that  the  degree  of  multicol¬ 
linearity  and  amount  of  bias  interact  in  explaining  the 


vi 


major  part  of  the  improvement  (degradation)  in  the  mean 
square  coefficient  error. 

Estimates  of  k£0.04  limit  the  degradation  and 
allow  slight  improvements  in  the  MSE  for  low  levels  of 
multicollinearity  and  enable  large  improvements  to  be  made 
for  higher  levels  of  multicollinearity. 


AN  EVALUATION  OF  RIDGE  REGRESSION 


IN  COST  ESTIMATION 


I.  Introduction 


Background 

Cost  estimation  of  military  and  civilian  hardware 
systems  based  on  a  limited  amount  of  information  has  been 
an  integral  part  of  development  and  acquisition  processes 
for  many  years.  The  technique  of  linear  regression  has 
been  applied  as  a  tool  for  predicting  the  overall  cost  of 
an  item  based  on  characteristics  the  system  possesses. 

During  the  early  stages  in  the  life-cycle  of  a 
system,  only  a  limited  knowledge  of  the  system  characteris¬ 
tics  is  available.  This  is  especially  true  for  new  systems 
which  have  no  existing  counterpart.  Here,  there  is  no  past 
experience  or  data  to  draw  upon  to  aid  in  the  analysis. 
Later,  as  the  system  takes  shape,  predictions  must  be  made 
using  only  essential  data  to  insure  that  the  predictions 
are  timely  and  are  made  at  the  minimum  cost.  Thus,  it  is 
necessary  to  identify  and  collect  data  for  the  most  impor¬ 
tant  characteristics  of  the  system,  identify  the  appropriate 
model  for  making  the  cost  prediction,  determine  the  param¬ 
eters  of  the  model  and,  finally,  make  a  prediction  (point 
or  interval)  of  the  cost  of  each  item. 
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In  cost  estimation,  only  one  (or  in  unusual  circum¬ 
stances,  a  few)  prediction ( s)  of  the  cost  of  a  system  will 


be  made.  Obviously,  it  is  desired  that  the  prediction  be 
as  close  to  the  actual  cost  incurred  as  possible.  Often 
the  most  important  characteristics  used  to  predict  the  cost 
(predictor/ independent  variables)  tend  to  be  intercorrelated . 
When  this  intercorrelation  is  very  high,  the  data  are  said 
to  exhibit  multicollinearity . 

When  multicollinearity  is  present,  a  tradeoff  must 
be  made  between  models  such  as  ordinary  least  squares  (OLS) , 
which  produce  unbiased  estimates  of  the  cost,  and  biased 
techniques  such  as  ridge  regression  which  introduce  some 
bias  but  reduce  the  variance  of  the  estimate.  The  least 
squares  estimates  of  the  individual  regression  coefficients 
tend  to  be  unstable.  This  can  lead  to  erroneous  predic¬ 
tions,  especially  if  the  degree  of  multicollinearity  is 
very  high. 

A  possible  remedy  to  the  estimation  problems  caused 
by  multicollinearity  was  introduced  by  Hoerl  and  Kennard 
(Ref  11) .  Although  biased,  the  estimates  of  the  regression 
coefficients  tend  to  have  more  precision  (as  measured  by 
mean  square  error)  than  the  ordinary  least  squares  esti¬ 
mators  (Kendall  (Ref  18:37-43)  and  McCallum  (Ref  23: 

110-113) ) .  The  ridge  technique  is  directly  applicable  to 
cost  estimation  because  it  has  the  potential  of  signifi¬ 
cantly  reducing  the  chance  of  making  a  truly  bad  estimate 
for  a  single  or  small  number  of  trials. 
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The  regression  model  is  Y=XB+u  where  Y  is  an  n  x  1 


vector  of  observations  on  the  response  variable  (cost) , 

X  is  an  n  x  p  matrix  of  observations  on  p  explanatory  vari¬ 
ables  (characteristics  of  the  system  to  be  cost  estinated) , 
3  is  a  p  x  1  vector  of  regression  coefficients  and  u  is  an 

_  o 

n  x  1  vector  of  residuals  such  that  E(u)=0  and  E(u  u  ) =o  I. 
Ordinary  least  squares  estimates  of  the  regression  coeffi¬ 
cients  are  3=(X"X)  ^  X^Y.  On  the  other  hand,  for  the  class 
of  ridge  regression  estimators  indexed  by  the  parameter 
k>0,  the  estimates  of  the  regression  coefficients  (for  a 

A  *“1 

given  value  of  k)  are  8*(k)=(x  X+kl)  X  Y.  As  k  increases 
from  zero,  bias  of  the  estimates  increases.  As  k  continues 
to  increase  without  bound,  the  regression  estimates  all 
tend  toward  zero. 

The  total  variance,  the  sum  of  the  variances  of  the 
parameter  estimates,  is  a  decreasing  function  of  k.  The 
idea  of  ridge  regression,  as  suggested  by  Hoerl  and 
Kennard  (Ref  12:58-63),  is  to  pick  a  value  of  k  for  which 
the  reduction  in  total  variance  is  not  exceeded  by  the 
increase  in  bias.  Ultimately,  forecasts  of  the  response 
variable  corresponding  to  values  of  the  explanatory  vari¬ 
ables  which  were  not  included  in  the  set  of  data  used  to 
estimate  the  regression  coefficients  tend  to  be  more  accu¬ 
rate  . 
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Statement  of  the  Problem 


A  comparison  has  not  been  made  to  determine  when 

ridge  regression  provides  a  better  prediction  of  the  cost 

of  a  system  than  the  ordinary  least  squares  estimates 

(k=0  for  the  ridge  regression  model)  as  a  function  of  the 

degree  of  multicollinearity  in  the  data,  the  size  of  the 

model  (number  of  predictor  variables  in  the  model) ,  the 

degree  of  model  fit  (as  measured  by  coefficient  of  deter- 
2 

mination,  R  ,  of  the  regression  model) ,  and  the  amount  of 
bias  (controlled  by  selecting  values  for  k)  of  the  esti¬ 
mate.  Mean  square  error  of  the  coefficients  is  used  as 
the  criterion  for  evaluating  the  alternative  modeling  pro¬ 
cedures. 

Objective 

The  objective  of  this  thesis  is  to  determine  when 

ridge  regression  provides  a  better  prediction  of  the  cost 

of  a  system  compared  to  ordinary  least  squares  for  data 

simulated  by  varying  the  amounts  of  multicollinearity  in 

the  data,  the  number  of  variables  in  the  regression  model 

2 

(2-4),  the  degree  of  model  fit  (R  ),  and  the  amount  of  bias 
controlled  by  the  ridge  regression  parameter,  k.  The  inves 
tigation  considers  both  linear  and  log-linear  model  forms. 

Scope  and  Limitations 

The  analysis  is  limited  to  the  comparison  of  ridge 
regression  and  ordinary  least  squares  estimates  within  the 
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1 


constructs  of  cost  estimating  relationships  where  linear 
or  log-linear  regression  models  are  appropriate. 

It  is  assumed  that  the  correct  model  form  is  being 
used  to  analyze  the  data  throughout  the  investigation;  that 
is  to  say,  the  investigation  will  not  consider  alternative 
model  forms . 

Assumptions 

It  is  assumed  that  the  error  term  of  the  regression 

model  is  normally  distributed  with  mean  zero  and  common 
2 

variance  a  . 
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II .  Theoretical  Background 

Least  Squares  Estimation 

The  solution  to  the  general  linear  model  Y=XB+u, 
where  the  elements  are  defined  as  in  Chapter  I  and  E(u)=0 
and  E(u"u)=o^I  is  8=(X'X)  ^X'Y.  It  is  well  known  that  the 
vector  0  is  an  unbiased  estimate  of  the  coefficient  vector 

A 

6.  The  variance  of  0^  is  given  by  the  formula 


V"V  *  °jj0' 


(2.1) 


where  the  cjj's  are  diagonal  elements  of  (X'X) 

According  to  the  Gauss-Markov  theorem  (Theil  (Ref  35: 
119-120))  no  linear  unbiased  estimator  has  a  smaller 
sampling  variance  than  the  least  squares  estimator.  If 
the  X’s  have  been  standardized,  so  that  the  X'X  matrix  is 
in  correlation  form,  the  (X'X)  ^  matrix  (for  a  two  variable 
model)  is 


C  =  (X'X) 


1 

_r12 

U-rl2) 

"rl2 

1 

d-ri2) 

(1_r12) 

(2.2) 


and  the  estinetors  of  the  parameters  are 


61  " 


X£Y  -  r12X'Y 


1  -  r\ 


(2.3a) 
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where  r^2  is  the  simple  correlation  between  X^  and  and 

X'Y  and  X^Y  are  elements  of  the  X'Y  vector. 

If  multicollinearity  is  present,  X^  and  X^  are 

highly  correlated  and  Ir^l"*!*  It  can  be  seen  that  the 

variances  and  covariances  of  the  regression  coefficients 

become  very  large,  since  V(B.)=c..o  as  |  r,  - 1  -*-l  and 

DID  * 

~  2 

Cov  (^,$2)  =ci2a  '*±a>  depending  on  whether  r12-*±l  (Ref  10: 

A 

428-429)  .  The  large  variances  for  6  imply  that  the  regres¬ 
sion  coefficients  are  very  poorly  estimated;  they  are  very 
likely  to  change  significantly  for  small  changes  in  the 
date. 

The  constants  of  proportionality  along  the  diagonal 
of  the  inverse  of  the  correlation  matrix  (cjj's)  are 
referred  to  as  variance  inflation  factors,  VIF's.  In 


~  1  2 

general,  VIF(B.)  =  - ~  where  R-  is  the  coefficient  of 

J  1-Rj  J 

multiple  determination  resulting  from  regressing  X^  on  the 

2 

other  k-1  regressor  variables.  As  R^  tends  toward  1  indi¬ 
cating  the  presence  of  a  linear  relationship  in  the  X’s, 
the  VIF  for  the  estimated  coefficient  of  X ^  tends  to 
infinity.  On  the  other  hand,  if  the  explanatory  variables 
are  orthogonal,  the  VIF's  will  all  equal  1  (Ref  10:429-430). 


The  average  of  the  variance  inflation  factors  for 


a  given  set  of  data  is  denoted  as  R^  where 


(2.4) 


r 


P 

Z  VIF . 
1 


This  ratio  measures  the  squared  error  in  the  OLS  estimators 
relative  to  the  size  of  that  error  if  the  data  were  ortho¬ 
gonal;  it  is  called  an  "index  of  multicollinearity . " 

Ridge  Regression  Estimation 

In  ridge  regression,  the  parameter  estimates  are 
obtained  by  solving  8* (k)  =  (X 'X+kl)  ^X'Y  where  k  is  a  non¬ 
negative  constant.  One  approach  for  selecting  the  value 
of  k  for  the  problem,  as  suggested  by  Hoerl  and  Kennard 
(Ref  12:64-65),  is  examination  of  the  ridge  trace,  a  plot 
of  the  estimated  values  of  the  parameters  as  a  function  of 
k.  The  value  of  k  is  selected  as  soon  as  the  coefficients 
stabilize  in  magnitude.  Other  methods  of  selecting  the 
value  of  k  are  discussed  in  the  literature  review  in 
Chapter  III. 

Properties  of  the  Ridge 
Regression  Estimator 

Ridge  estimation  produces  biased  estimates  since 
the  expected  value  of  8*(k)  is 

E [ 8* (k) ]  =  (X'X+kl) -1X'X8  .  (2.5) 

The  variance-covariance  matrix  is 

VAR  [8*  (k)  ]  =  (X'X+kl)  -1X'X(X'X+kI)  **1o2  .  (2.6) 
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The  ridge  solution  requires  some  increase  in  the  residual 
sum  of  squares  above  the  least  squares  sum  of  squares  as 
is  shown  in 

[Y-X8*  (k)  ]  "*  [Y-XB*  (k)  ]  =  (Y-XB)  '  (Y-XB) 

+  (6*(k)-6)"X'X(6*(k)-B)  (2.7) 

A  /\ 

where  (Y-XB) " (Y-XB)  is  the  OLS  residual  sum  of  squares. 

The  mean  square  error  function  of  B*  is 

E [L2 (k) ]  =  E [ (8*-B)  (0*— B) ] 

=  a2  j  X . / (X  .+k) 2  +  k2B'(X'X+kI)"2B 
i=l  1  x 

P  2  - 

=  Z  Var ( 8* )  +  Bias  (B*)  .  (2.8) 

i=l  1 

The  first  element  is  the  sum  of  the  variances  (total  vari¬ 
ance)  of  the  parameter  estimates  while  the  second  is  the 

A  A 

square  of  the  bias  introduced  when  B*  is  used  instead  of  B. 

The  total  variance  is  a  continuous,  mono tonic ally 
decreasing  function  of  k  and  the  squared  bias  is  a  continu¬ 
ous,  monotonically  increasing  function  of  k. 

Figure  1  shows  the  qualitative  form  of  the  relation¬ 
ships  between  the  variances,  the  squared  bias,  and  the 
parameter  k.  As  is  indicated  by  the  dotted  line,  the  sum 
of  the  variance  and  squared  bias,  the  possibility  exists 
that  there  are  values  of  k  (admissible  values)  for  which  the 

A  A 

mean  square  error  is  less  for  S*  than  it  is  for  8. 
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Fig.  1.  Mean  Square  Error  Functions 

2 

Mathematically,  it  can  be  shown  that  EtL^OO]  will 
go  through  a  minimum  and  that  the  squared  bias  approaches 
B'B  as  an  upper  limit.  As  the  magnitude  of  8" (3  increases, 
the  minimum  will  move  toward  k=0  .  Because  8"B  is  not  bound 
less  in  practice,  there  should  be  a  value  (or  values)  of 

A  /V 

k  that  will  put  B*  closer  to  B  than  8*  See  Hoerl  and 
Kennard  (Ref  12)  for  proofs  and  complete  development  of  the 
theory . 

The  Ridge  Trace 

The  ridge  trace  is  a  two-dimensional  plot  of  the 
ridge  coefficient  estimates,  B * ( k ) ,  against  k.  It  helps 
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provide  an  insight  into  the  structure  of  the*  problem  and 
the  sensitivity  of  the  results  to  the  particular  set  of 
data  at  hand.  For  nearly  orthogonal  data,  the  ridge  trace 
provides  little  additional  information.  However,  as  multi- 
collinearity  in  the  data  increases,  the  ridge  trace 
stabilizes  more  rapidly  (the  rate  of  change  of  the  standard¬ 
ized  coefficients  gets  rapidly  smaller)  providing  a  signifi¬ 
cant  contribution  in  the  analysis  of  the  problem  (for 
example,  see  Hoerl  and  Kennard  (Ref  13) ) . 

The  ridge  trace  is  a  characterization  of  a  con¬ 
strained  optimization  problem.  The  residual  sum  of  squares 
of  an  estimator  B  of  the  vector  6  is 

<i>  =  ( Y-XB)  ( Y-XB) 

=  (Y-XB)  ” (Y-XS)  +  (B-B)  'X'X(B-B) 

=  <I>LS  +  $(B)  (2.9) 

which  is  the  minimum  found  by  the  least  squares  solution 
plus  the  value  of  the  quadratic  form.  A  move  from  the 
minimum  sum  of  squares  point  (3>  )  might  be  reasonable  if 

the  length  of  regression  vector  (B)  could  be  shortened. 

The  ridge  trace  follows  a  path  through  the  sum  of 
squares  surface  so  that  for  a  fixed  value  of  i  a  minimum 
value  of  B  is  chosen.  Stated  mathematically,  the  optimiza¬ 
tion  problem  is 

minimize  B 'B 

subject  to  (B-8)  'X'X(B-S)  =  •  (2.10) 
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Using  the  Lagrangian  approach,  the  solution  to  the  problem 
is 

B  =  0*  =  (X^X+kl)”1  X'Y  , 

the  ridge  estimator  where  k  is  chosen  to  satisfy  the  con¬ 
straint  (equation  2.10).  In  practice,  it  is  easier  to 

choose  k>0.  This  results  in  an  increase  in  the  residual 

2 

sum  of  squares  and  reduction  in  the  R  ,  however,  it  allows 
for  minimization  of  the  regression  vector. 

Monte  Carlo  Simulation  of 
the  Data 

The  comparison  of  ridge  and  least  squares  estimators 
requires  a  large  number  of  trials.  Consequently,  Monte 
Carlo  simulation  was  used  to  generate  1,000  data  sets  for 
each  of  the  predictor  variable  combinations.  Several  sub¬ 
routines  from  the  International  Mathematical  and  Statisti¬ 
cal  Library,  IMSL  (Ref  15) ,  were  used  in  FORTRAN  programs 
DATA  and  DATAL  to  generate  the  predictor  and  criterion  vari¬ 
able  values  for  the  linear  and  log-linear  model  forms.  The 
FORTRAN  statements  in  these  programs  are  contained  in 
Appendices  A  (program  DATA)  and  B  (program  DATAL) . 

For  the  linear  model,  subroutine  GGNSM  was  used  to 
produce  the  predictor  variable  deviate  vectors  with  known 
correlation  matrix  from  a  multivariate  normal  distribution. 
Corresponding  criterion  variable  values  were  generated  by 
adding  a  mean  corrected  random  error  deviate  from  a  uni¬ 
variate  normal  distribution  (subroutine  GGNML) ,  adjusted  to 
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2 

variance  o  ,  to  a  linear  combination  of  the  predictor  vari¬ 
able  deviates  and  known  coefficient  parameters  (3's). 

For  the  log-linear  model,  the  predictor  variable 
vectors  were  produced  by  mean  correcting  the  natural 
logarithms  of  the  multivariate  normal  deviates  generated 
by  subroutine  GGNSM.  The  criterion  variable  values 
(ln(Y) 's)  were  generated  by  adding  a  random  error  similar 
to  that  described  for  the  linear  model  to  a  linear  combina¬ 
tion  of  the  known  coefficient  parameters  and  the  predictor 
variable  values  (ln(X)'s). 

The  random  error  terms  of  both  models  were  mean 
corrected  so  that  the  X's,  Y's,  ln(X)’s,  and  ln(Y)'s  would 
have  zero  means  and  the  resulting  regression  models  would 
have  no  Y-intercept  term.  The  coefficient  parameters  were 
chosen  as  l's  for  all  trials  so  that  all  variables  would 
have  equal  weighting  in  the  analysis. 

The  relative  magnitude  of  the  random  error  term, 

with  respect  to  the  value  of  the  linear  combination  of  the 

known  coefficient  parameters  and  predictor  variables,  was 

2 

used  to  control  the  model  fit  (R  ) .  The  correlation  matrix 
for  the  simulated  predictor  deviates  was  used  to  control 
the  size  of  the  variance  inflation  factors.  Separate  data 
was  generated  for  each  model  size  (2,  3,  or  4  variable 
models) ?  however,  the  same  random  number  seed  was  used  for 
all  data  sets. 

In  keeping  within  the  usual  limitations  of  cost 
estimating  data  sets,  a  sample  set  of  20  random  vectors  was 


13 


I 


used  to  perforin  each  least  squares  and  ridge  regression 
analysis.  Similar  analyses  of  the  1,000  random  sample 
sets  provided  the  data  for  comparison  of  the  two  estimators. 

Predictor  Variables 

The  predictor  variables  for  the  model  used  to  com¬ 
pare  OLS  and  ridge  estimator  performance  include  the 
number  of  variables  (NVAR) ,  the  value  of  k  (K) ,  the  index 
of  multicollinearity  (RL) ,  and  the  model  fit  under  least 
squares  (RSQ) .  Each  variable  will  be  explained  in  detail 
in  succeeding  paragraphs. 

To  determine  the  impact  of  model  size  on  comparison 
of  estimators,  the  analysis  was  performed  for  2,  3,  and  4 
variable  models.  Data  for  each  model  size  was  generated 
using  different  correlation  matrices.  The  correlation 
matrices  were  chosen  so  as  to  have  reasonably  similar 
determinants  for  the  three  levels  of  multicollinearity 
investigated . 

The  value  of  k  was  chosen  by  analyzing  the  ridge 
trace  and  the  variance  inflation  factors  for  the  first 
sample  set.  Once  a  value  of  k  was  selected,  it  was  used 
for  all  1,000  analyses. 

The  index  of  multicollinearity  was  chosen  as 


P 

Z 

i=l 


VIF  . 

l 


Z  VIF . 
i=l 


2 

a  p 


(2.11) 
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It  measures  the  squared  error  in  the  OLS  estinators  rela¬ 
tive  to  the  size  of  that  error  if  the  data  were  orthogonal 
(Ref  1:183).  It  is  interesting  to  note  that  this  index 
can  also  be  thought  of  as  the  average  variance  inflation 
factor  of  the  (X"X)  ^  matrix  since  p  is  the  number  of  pre¬ 
dictor  variables.  The  mean  of  the  average  variance  infla¬ 
tion  factors  for  the  1,000  trials  was  treated  as  the  pre¬ 
dictor  variable  RL.  , 

The  model  fit  is  measured  by  coefficient  of  deter- 
2 

mination  (R  ),  the  ratio  of  SSR  (sum  of  squares  regression) 

and  SST  (sum  of  squares  total)  in  the  regression  model.  The 

2 

mean  of  the  least  squares  R  (RSQLS)  for  the  1,000  trials 
was  treated  as  the  predictor  variable  RSQ . 

Measure  of  Effectiveness 

The  criterion  for  evaluation  of  the  two  estimators 
is  the  mean  square  error  (MSE)  of  the  regression  coeffi- 

A 

cients.  The  mean  square  error  for  the  vector  (8  K,  least 
squares  solution  for  trial  i,  is  defined  as 

P  .  2 

MSE ( 8)  .  =  E[  E  (0.-3  - )  J ,  •  (2.12) 

1  j=l  D  3  1 

For  the  1,000  trials,  the  average  MSE  (8)  becomes 

1000 

E  MSE ( B) i 

MSE(8)  =  —  ^QQQ -  •  (2.13) 
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Similarly,  the  mean  square  error  for  the  vector  (0  )  ^ ,  ridge 
regression  solution  for  trial  i,  is  defined  as 


~  P  ^  7 

MSE (8* )  .  »  E[  X  (8*-3.)  ].  .  (2.14) 


For  the  1,000  trials,  the  average  MSE  (3*)  becomes 


1000 

l  MSE(B*)i 

MSE(8*)  =  ~~1000 -  *  (2.15) 


The  ratio  of  these  averages. 


_  /v 

MSE (8) 
MSE (8*) 


(2.16) 


indicates  the  relative  improvement  or  deterioration  of  the 
ridge  regression  model  with  respect  to  the  least  squares 
model  in  a  mean  square  error  sense.  A  ratio  greater  than 
one  indicates  an  improvement  by  the  ridge  regression;  the 
greater  the  ratio,  the  greater  the  relative  improvement. 

A  ratio  less  than  one  indicates  that  the  ridge  regression 
model  provides  a  worse  model  in  the  mean  square  error  sense; 
the  smaller  the  ratio,  the  worse  the  model. 


III.  Literature  Review 


Introduction 

A  considerable  amount  of  research  has  been  done 
based  on  the  results  of  Hoerl  and  Kennard  (Ref  12)  who  pro¬ 
posed  and  developed  a  comprehensive  theory  supporting  the 
argument  that  it  is  helpful  to  augment  the  diagonal  of  the 
normal  equations  matrix  by  a  small  positive  quantity  in 
order  to  prevent  "inflation"  of  the  elements  of  the  regres¬ 
sion  coefficient  vector.  The  most  significant  portion  of 
the  research  has  been  focused  in  the  following  areas: 

1.  Estimation  methods  for  the  value  of  k,  the 
ridge  bias  parameter. 

2.  (a)  Development  of  other  ridge  estimators  and 
the  comparison  of  these  estimators  with  the  standard  ridge 
estimator,  B*=(X"X+kI)  ^X'Y,  and  the  ordinary  least  squares 
estimator . 

(b)  Development  of  alternative  solutions  to  the 
ridge  trace  and  generalized  ridge  regression  procedures 
presented  in  Hoerl  and  Kennard  (Ref  12:63-66). 

3.  (a)  Development  of  the  theoretical  properties 
of  the  ridge  regression  family  of  estimators. 

(b)  Attempts  to  identify  the  probability  dis¬ 
tribution  of  ridge  estimators. 


4.  Alternative  methods  to  MSE  of  the  coefficients 
for  evaluating  the  regression  estimates. 

5.  Simulation  studies  comparing  ridge  and  other 
biased  estimators  with  unbiased  estimators  (principally 
OLS)  using  Monte  Carlo  techniques. 

6.  Studies  dealing  with  the  practical  application 
of  ridge  regression. 

Estimation  Methods  for  k 

In  their  original  papers  (Refs  12;  13),  Hoerl  and 
Kennard  discussed  the  use  of  the  ridge  trace  as  the  "best 
method  for  achieving  a  better  estimate  3*"  with  respect  to 
mean  square  error.  This  method  involves  selecting  a  single 
value  of  k  (all  k^=k)  once  the  system  has  stabilized  and 
has  the  general  characteristics  of  an  orthogonal  system. 
Although  reasonably  simple,  this  method  has  been  criticized 
by  Smith  and  Campbell  (Ref  33) ,  Thisted  (Ref  36) , 

Van  Nostrand  (Ref  37) ,  and  others  who  oppose  restricting 
the  parameters  of  the  model  and  mechanically  manipulating 
the  data  without  knowledge  of  the  phenomena  being  modeled 
(using  a  priori  information  about  the  coefficients) . 

Another  approach  presented  in  the  original  papers 
to  achieve  a  better  estimate  8*  was  generalized  ridge 
regression  (GRR) .  The  general  linear  regression  model 
Y=X8+u  is  reduced  to  canonical  form  by  transformations 
so  that  the  X'X  matrix  is  diagonal.  Iteration  is  used  to 
find  optimal  kVs  which  achieve  stability  in  estimates  in 


18 


the  canonical  form.  The  GRR  estimates  are  obtained  from 
the  canonical  model  estimates  through  an  inverse  transforma¬ 
tion. 

As  an  alternative  to  the  iterative  approach  of 
Hoerl  and  Kennard,  Hemmerle  (Ref  9)  proposed  a  non-iterative, 
closed  form  solution.  This  solution  was  shown  to  depend  on 
certain  convergence/divergence  conditions  which  related  to 
the  ordinary  least  squares  estimator.  When  the  proper  con¬ 
ditions  are  met,  an  explicit  solution  for  the  optimum 
canonical  model  estimates  is  obtained  leading  directly  to 

estimates  of  the  k.'s. 

1 

Directed  ridge  regression,  a  modification  of  the 
procedure  of  Hoerl  and  Kennard,  was  proposed  by  Guilkey  and 
Murphy  (Ref  4).  This  method  alters  only  diagonal  elements 
corresponding  to  low  eigenvalues  in  an  attempt  to  produce 
less  bias  in  the  coefficient  estimates  than  methods  that 
alter  all  the  diagonal  elements. 

Other  Ridge  Related  Estimator s 
and  Solution  Techniques 

To  overcome  the  objections  to  using  a  subjective 
estimate  of  k  (or  k^'s),  a  number  of  estimators  for  k  have 

been  suggested.  Hoerl,  Kennard,  and  Baldwin  (Ref  14)  pro- 

~  2  ~  ~  ~ 

posed  the  estimator  k=po  /8  8  where  8  and  p  have  been 

^  2  2 

defined  previously  and  o  is  an  unbiased  estimate  of  a  . 

McDonald  and  Galarneau  (Ref  24)  suggested  "ridge-type" 

estimators  formed  by  first  estimating  the  squared  length 

of  the  unknown  coefficient  vector  and  then  choosing  the 
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value  of  k  so  that  the  ridge  estimator  squared  length  was 
equal  to  this  estimated  quantity. 

Since 


E  (|3'8) 


S'B  +  a2 


P 

Z 

i=l 


(1/A.) 


(3.1) 


the  quantity 

.2  p 

Q  =  8  B  -  a  Z  (1/A  .  ) 
i=l  1 


(3.2) 


is  an  unbiased  estimator  of  8"8.  Therefore,  for  Q>0 
McDonald  and  Galarneau  suggested  the  estimator  8^,  such 

A  A 

that  8jc"8^=Q.  For  Q<0,  they  suggested  selecting  k  equal  to 
zero  (OLS  estimator)  or  infinity  (zero  vector  estimate) . 
Simulations  by  both  sets  of  authors  have  shown  that  the 
estimators  did  well  for  some  selections  of  the  parameters 
but  worse  for  others  as  compared  to  the  OLS  estimator. 
McDonald  and  Galarneau  also  concluded  that  the  performance 
of  the  ridge  estimators  depended  on  "the  variance  of  the 
random  error,  the  correlations  among  the  explanatory  vari¬ 
ables,  and  the  unknown  coefficient  vector." 

A  computer  iteration  technique  for  finding  the  k 
value  associated  with  the  minimum  mean  square  error  of 
estimation  was  proposed  by  Kasarda  and  Shih  (Ref  17) . 

This  technique  is  based  on  the  monotonic  properties  of  the 
total  variance  and  squared  bias  terms  as  shown  by  Hoerl 
and  Kennard  (Ref  12:60-63).  The  MSE  is  estimated  by  a 
variable  (MSE)  which,  through  computer  iteration,  converges 
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on  the  minimum  point,  yielding  the  optimum  k  value.  This 
technique  is  also  applicable  to  the  directed  ridge  regres¬ 
sion  approach  discussed  earlier. 

Another  alternative  to  subjectively  selecting  a  k 
value,  the  minimum  mean  square  error  estimator,  was  pro¬ 
posed  by  Farebrother  (Ref  3) .  This  estimator  was  extended 
and  simulated  in  Vinod  (Ref  39)  where  it  was  found  to  be 
inferior  (in  MSE)  to  a  Stein-Rule  estimator  (see  Judge, 
Bock  and  Yancey  (Ref  16)  for  a  detailed  study  of  Stein- 
Rule  estimators)  . 

Several  nonstochastic  estimators  of  k  have  been 
proposed  by  Gunst  and  Hua  (Ref  6)  and  Vinod  (Ref  38) .  The 
two  methods  proposed  by  Gunst  and  Hua  include  one  where  k 
is  chosen  so  that  |x"X+kl|=l  (forcing  the  ridge  system  to 
behave  orthogonally)  and  a  second  where  k  is  chosen  so 
that  the  largest  variance  inflation  equals  4 .  The  method 
proposed  by  Vinod  involves  choosing  k  so  that  the  "multi- 
collinearity  allowance" 

p  -1 

m  =  p  -  I  X  (A  ,+k)  .  (3.3) 

j=l  3  => 

Here,  m  has  the  interpretation  as  the  assigned  deficiency 
in  the  rank  of  (X'X) .  The  value  of  k  is  found  iteratively 
once  the  rank  deficiency  has  been  assigned.  Vinod  also 
proposed  using  a  "ridge  trace"  as  a  function  of  the  multi- 
collinearity  allowance  (m)  instead  of  the  standard  ridge 
trace  (function  of  k) .  He  proposed  the  Index  of  Stability 


of  Relative  Magnitudes  (ISRM)  to  quantify  the  stable 
region  of  m  values. 

Gunst  and  Hua  (Ref  6:8-21)  found  that  use  of  the 
minimum  ISRM  proposed  by  Vinod  performed  erratically  and 
often  indicated  several  local  minima,  one  of  which  had  to 
be  subjectively  selected.  They  also  found  fault  with  the 
nonstochastic  rule  requiring  |x'X+kl|=l.  In  some  cases, 
the  determinant  of  X^X  matrix  was  so  small  that  a  large 
value  of  k  caused  the  bias  of  the  ridge  estimator  to  over¬ 
come  the  reduction  in  variance  negating  the  advantage  of 
using  ridge  regression. 

Theoretical  Properties  of 
Ridge  Estimators 

Several  theoretical  studies  were  conducted  to  pro¬ 
vide  additional  information  about  the  properties  of  ridge 
estimators.  Hawkes  and  Alam  (Ref  8)  discussed  the  theoreti¬ 
cal  properties  of  ridge  estimators  using  both  classical 
and  Bayesian  statistics.  They  showed  that  for  certain 
choices  of  k,  depending  on  Y,  the  ridge  estimator  had  uni¬ 
formly  smaller  mean  square  error  than  the  least  squares 
estimator,  provided  that  a  number  of  the  characteristic 
roots  of  the  X"X  matrix  were  sufficiently  small. 

An  investigation  of  the  probability  distributions 
of  ridge  estimators  was  conducted  by  Lewis  (Ref  20)  so 
that  hypothesis  tests  and  computation  of  confidence  bounds 

/v 

could  be  made  for  8*.  It  was  found  that  the  distribution 
of  3*  depended  on  the  objective  rule  used  to  select  k. 


The  objective  rules  selected  by  the  author  did  not  lead 
to  useful  probability  distributions. 

Alternative  Evaluation  Methods 

The  majority  of  the  studies  comparing  estimators 
used  the  concept  of  mean  square  error  of  the  coefficients 
as  the  criteria  for  evaluation.  Gunst  and  Mason  (Ref  7) , 
on  the  other  hand,  used  integrated  mean  square  error 
(IMSE)  in  evaluating  ridge,  principal  component,  and  least 
squares  estimators.  This  method  was  found  to  introduce  the 
problem  of  choosing  a  weighting  function  to  determine  the 
IMSE  in  addition  to  the  other  estimation  problems.  Also, 
the  results  were  not  considered  conclusive  since  the  deter¬ 
mination  of  the  effects  of  variable  Oci°ctjon  on  the  tech¬ 
nique  and  the  impact  of  restrictions  on  the  estimators  used 
in  the  analysis  required  more  research. 

Simulation  Studies  of  Ridge 
and  Other  Estimators 

Many  comparisons  have  been  made  between  ridge 
regression  and  other  estimators  using  the  Monte  Carlo 
simulation  technique.  Newhouse  and  Oman  (Ref  29)  performed 
a  study  which  was  restricted  to  the  case  of  two  predictors 
having  two  different  values  of  r,  the  correlation  between 
predictors,  and  a  number  of  methods  for  choosing  k.  They 
concluded  that  for  the  two  variable  case  the  ridge  esti¬ 
mators  did  worse  than  the  OLS  estimators  for  at  least  some 
of  the  models.  The  failures  were  "by  a  sufficient  margin 
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and  in  a  'sufficient'  number  of  cases"  that  they  recommended 
against  use  of  ridge  regression.  As  was  pointed  out  in 
Eskew  (Ref  2:18),  however,  Sclove  (Ref  32)  showed  in  1967 
that  no  estimator  is  better  in  the  total  mean  square  error 
sense  than  the  least  squares  estimator  when  only  two  param¬ 
eters  are  estimated.  Therefore,  the  experimental  results 
of  Newhouse  and  Oman  only  confirm  the  theoretical  work  of 
Sclove . 

Lawless  and  Wang  (Ref  19)  found  results  contrary 
to  Newhouse  and  Oman  in  their  evaluation  of  ridge  estimators. 
Further,  they  concluded  that  it  may  not  be  worthwhile  to 
consider  generalized  ridge  estimators  since  they  were 
found  to  have  inferior  mean  square  error  properties  than 
the  ordinary  ridge  estimators. 

Simulation  results  by  Newman  (Ref  30)  supported 
the  first  conclusion  of  Lawless  and  Wang.  He  showed  that 
the  ridge  estimator  6* (k)  ,  found  by  selecting  the  value  of 
k  from  the  ridge  trace,  outperformed  other  estimators 
including  least  squares. 

Mitra  and  Ling  (Ref  27)  found  several  ridge  esti¬ 
mators,  those  proposed  by  Hoerl,  Kennard  and  Baldwin  (Ref 
14),  Farebrother  (Ref  3:128),  McDonald  and  Galarneau 
(Ref  24:409,  rule  2),  Hoerl  and  Kennard  (Ref  12:63), 

Guilkey  and  Murphy  (Ref  4:770),  and  several  others,  superior 
to  the  OLS  estimator  (in  mean  square  error)  and  provided 
a  ranking  of  these  estimators  based  on  parameters  of  the 
basic  regression  model. 
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Su  and  Chai  (Ref  34)  performed  a  comparison  of  the 

ridge  estimator  proposed  by  Hoerl,  Kennard  and  Baldwin 

and  the  least  squares  estimator  using  squared  error  of 
2 

estimation  (L  =(B-0)  (B-8) ) ,  squared  error  of  prediction 

A  A 

(SSE=(Y-Y)  '  (Y-Y)  )  ,  and  cross  validity  (the  Pearson's  pro¬ 
duct  moment  correlation  between  the  observed  values  in  the 
second  sample  and  the  predictions  made  for  the  second 
sample  using  the  ridge  estimator  estimated  from  the  first 
sample) .  The  results  showed  that  the  ridge  estimator  was 
better  for  nonorthogonal  data  and  the  least  squares  esti¬ 
mator  better  for  orthogonal  data  (except  in  one  case) . 

A  study  by  Lindell  (Ref  21)  considered  ridge  (Hoerl 
Kennard  and  Baldwin  (Ref  14)),  ordinary  least  squares,  and 
jackknife  estimators  (Mosteller  and  Tukey  (Ref  28))  evalu¬ 
ated  using  the  criteria  of  mean  square  error  of  the  coeffi¬ 
cients  and  the  size  of  the  t-statistics  associated  with 
these  coefficients.  The  design  considered  two  factors, 
the  sample  size  to  number  of  predictors  ratio  (N/p)  and  the 
metric  quality  of  the  data  (dichotomous  and  polychotomous 
data  were  used  to  assess  the  sensitivity  of  the  estimators 
to  different  levels  of  violation  of  the  regression  assump¬ 
tions)  .  The  results  of  the  study  showed  that  the  ridge 
estimator  performed  better  for  smaller  N/p  ratios  and  worse 
for  higher  levels. 

Eskew  (Ref  2)  and  other  authors,  some  of  whom 
include  Lindley  and  Smith  (Ref  22) ,  Smith  and  Campbell 
(Ref  33),  Thisted  (Ref  36),  and  Van  Nostrand  (Ref  37),  have 
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proposed  the  use  of  "a  priori"  information  along  with 
ridge  regression  in  the  estimation  of  the  regression  coeffi¬ 
cients  (Bayesian  approach).  In  this  approach,  if  the  prior 
estimate  of  the  coefficients  is  closer  than  the  origin 
(zero-prior  of  the  classical  ridge  estimator)  to  the  true 
model  parameters,  then  the  squared  bias  of  the  ridge  esti¬ 
mators  will  be  reduced  without  an  increase  in  variance. 

This  results  in  an  even  greater  improvement  over  the  OLS 
estimator  (in  mean  square  error).  Eskew  showed  that  with 
"good"  or  even  "fair"  prior  information  that  the  ridge 
method  was  superior  to  OLS  for  estimation  of  the  model 
parameters . 

Practical  Application  Studies 

Some  practical  aspects  of  ridge  regression  have 
been  addressed  by  Marquardt  and  Snee  (Ref  26)  and  Gunst 
(Ref  5) .  Three  practical  application  examples  were  pre¬ 
sented  in  Marquardt  and  Snee.  They  noted  that  models  with 
no  constant  term  required  a  smaller  value  of  k  (often  £  .01) 

than  models  with  a  constant  term.  Also,  they  claimed  that 

2 

models  with  lower  R  statistics  required  larger  values  of 
k  than  better  fitting  models.  The  study  further  showed 
that  the  ridge  regression  coefficients  performed  better 
for  prediction  and  extrapolation  than  least  squares  and 
were  useful  for  selecting  variables.  Hocking  (Ref  11:11, 
23,28-31,37-44)  also  supported  the  use  of  ridge  regression 


for  variable  selection. 


Gunst  applied  ridge  regression  and  two  other 
biased  estimators  to  a  data  set  of  automobile  emissions. 

A  number  of  selection  rules  for  determining  k  were  tried 
yielding  similar  estimates  from  the  data.  The  resulting 
ridge  model  generated  coefficients  with  magnitudes  and 
signs  inconsistent  with  a  priori  beliefs.  However,  it  was 
judged  superior  to  the  OLS  model. 

Conclusions 

The  ridge  regression  technique  has  been  shown  to 
possess  valuable  theoretical  and  empirical  properties 
which  appear  advantageous  when  the  predictor  variables  are 
collinear.  Many  methods  have  been  suggested  for  determining 
the  amount  of  bias  which  is  "optimal."  The  body  of 
research  has  shown  that  no  one  method  of  choosing  k  is 
clearly  superior  to  the  others. 

In  terms  of  mean  square  error  of  the  coefficients, 
improvements  can  be  made  for  prediction  and  extrapolation 
by  using  ridge  regression.  The  criticisms  of  several 
authors  have  pointed  out  that  ridge  regression  must  be  used 
carefully  in  order  to  fulfill  two  important  requirements: 
the  model  produced  must  make  sense  from  the  physical  nature 
of  the  problem,  and  it  must  provide  predictions  close  to 
reality. 
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IV.  Research  Methodology 


Overall  Approach 

The  overall  approach  of  the  investigation  involved 
generating  mean  square  error  data  for  various  levels  of 
the  independent  variables  (RSQ,  RL,  NVAR ,  and  K)  and  ana¬ 
lyzing  this  data  using  a  linear  regression  model  to  deter¬ 
mine  which  factor (s)  produced  a  significant  impact  on  the 
mean  square  error  improvement  (degradation)  for  the  ridge 
versus  OLS  models.  The  regression  approach  was  chosen 
because  the  independent  variable  levels  could  not  be  spe¬ 
cified  as  is  required  for  the  treatments  in  an  Analysis 
of  Variance  (ANOVA) .  In  particular,  the  variables  RL  and 
RSQ  were  outputs  of  programs  DATA  and  DATAL  controlled  by 
a  correlation  matrix  with  varying  intercorrelations  and 
dimensions  (for  RL)  and  the  variance  of  the  random  error 
of  the  known  model  (for  RSQ) . 

Model  Development 

A  FORTRAN  program,  RIDGE,  developed  by  McNichols 
(Ref  25)  from  theory  presented  in  Chatterjee  and  Price 
(Ref  1:181-187),  was  used  to  portray  the  ridge  trace  and 
provide  other  outputs  for  the  first  data  set  (20  random 
vectors) .  The  computer  code  for  this  program  is  contained 
in  Appendix  C. 
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The  outputs  of  program  RIDGE  consisted  of  the 
following : 

1.  Sample  means  and  standard  deviations  of  both 
dependent  and  independent  variables. 

2.  Sample  covariance  matrix  of  all  variables. 

3.  Values  of  the  standardized  coefficient  esti- 

A 

mates,  b*,  for  each  value  of  k. 

4.  Values  of  the  unnormalized  coefficient  esti¬ 
mates  (8  for  k=0  and  8*  for  k>0)  for  each  value  of  k  com¬ 
puted  from 


8  . *  =  b* ( s  .  /s  ) 
3  3  Y 


(4.1) 


where  s^  is  the  sample  standard  deviation  of  the  jth  vari¬ 
able  and  Sy  is  the  sample  standard  deviation  of  the  depen¬ 
dent  variable. 

5.  Values  of  the  Variance  Inflation  Factors  (VlF's) 
for  each  coefficient  at  each  value  of  k.  The  VIF '  s  are  the 
diagonal  elements  of  the  matrix 


(X  X+kl)  1  X  'X  (X "x+kl)  1 


(4.2) 


2 

which  when  multiplied  by  a  is  the  variance/covariance 
matrix  of  b* . 

The  values  of  k  were  selected  at  three  or  more 
levels  including  k=0  (OLS  solution) ,  the  k  value  corres¬ 
ponding  to  all  VlF's  less  than  or  equal  to  10  (where  appro¬ 
priate)  ,  and  others  selected  where  the  ridge  trace 
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(standardized  coefficient  estimates)  and  VIF  '  s appeared 
to  stabilize. 

A  modified  RIDGE  program  was  used  to  perform  1,000 
Monte  Carlo  trials  using  the  k  value  selected  by  reviewing 
the  output  from  RIDGE.  A  listing  of  the  program  is  con¬ 
tained  in  Appendix  D.  The  program  generated  the  following 
data  for  each  trial  (the  variables  listed  are  SPSS  vari¬ 
able  names  used  in  the  CONDESCRIPTIVE  analysis  discussed 
below) : 

1.  Unstandardized  coefficient  estimates  (vari¬ 
ables  BLS1  to  BLS4 ) . 

2.  Ridge  coefficient  estimates  (variables  BR1  to 

BR4 )  . 

3.  Variance  Inflation  Factors  for  the  OLS  solution 
(k=0)  and  selected  k  value  (variables  VIFLS  and  VIFR, 
respectively) . 

2 

4.  Model  fit  (R  )  for  the  OLS  solution  (variable 
RSQLS)  and  selected  k  value  (variable  RSQR) . 

5.  Index  of  multicollinear ity  (variable  RL) . 

6 .  Mean  square  error  for  the  OLS  solution  and 
selected  k  value  (variables  MSELS  and  MSER,  respectively) . 

Several  statistics  were  computed  using  subprogram 
CONDESCRIPTIVE  of  SPSS  (Statistical  Package  for  the  Social 
Sciences)  (Ref  31)  for  the  data  produced  by  the  Monte  Carlo 
RIDGE  program. 

The  mean,  standard  deviation,  variance,  range,  and 
minimum  and  maximum  values  for  each  variable  (dependent  and 


independent)  were  computed  from  the  1,000  cases  at  both 
the  k=0  and  selected  k>0  levels. 

The  independent  variables  for  the  regression  analy¬ 
sis  (RSQ,  RL ,  NVAR,  and  K)  were  taken  from  both  the 
CONDESCRIPTIVE  output  (RSQ  and  RL)  and  the  Monte  Carlo 

inputs  (NVAR  and  K) .  The  variable  RSQ  was  the  mean  of  the 
2 

R  values  for  the  1,000  trials;  RL  was  the  mean  of  the  RL ' s 
for  the  trials. 

The  dependent  variable  for  the  regression  analysis 
was  the  mean  square  error  ratio  (MSERATIO)  as  defined  and 
interpreted  in  Chapter  II.  The  numerator,  MSELS,  was  com¬ 
puted  in  the  Monte  Carlo  analysis  for  k=0;  the  denominator, 
MSER,  for  the  selected  k>0  value.  The  ratio  (MSELS/MSER) 
was  computed  in  the  regression  analysis  through  use  of  a 
COMPUTE  statement  (Ref  31:96-97). 

Generation  of  the  Data 

The  levels  of  the  independent  variables  were  chosen 
to  generate  data  consistent  with  the  usual  limitations  of 
cost  estimating  data  sets.  Each  variable  will  be  dis¬ 
cussed  separately  in  the  succeeding  paragraphs. 

Three  levels  of  RL  were  considered  corresponding 
to  low  (RL  (mean)  approximately  equal  to  1.5  -  2),  medium 
(approximately  10) ,  and  high  (approximately  100)  degrees  of 
multicollinearity .  RL  values  below  1.5  were  considered 
too  orthogonal  and  above  120  excessively  collinear.  The 
correlation  matrices  (dimensions  2-4)  used  to  generate  the 


independent  variable  deviates  (X's)  were  chosen  from  actual 
data  sets  by  evaluating  the  determinant  of  each  matrix  and 
grouping  matrices  with  similar  determinants  together  (one 
from  each  dimension) .  Correlation  matrices  with  deter¬ 
minants  very  close  to  zero  produced  data  with  high  multi- 
collinearity ;  matrices  with  large  determinants  produced 
near-orthogonal  data. 

Only  models  with  RSQ  values  between  52  and  99.8 
percent  were  used  in  the  analysis  since  estimates  involving 
cost  would  not  rrequently  be  made  with  models  of  poorer  fit. 

Separate  data  were  generated  for  models  of  each  size 
(NVAR) ;  however,  the  same  random  number  seed  was  used  to 
generate  each  set  of  data.  Three  SPSS  programs  were  neces¬ 
sary  to  analyze  the  data  output  from  the  Monte  Carlo  RIDGE 
program  due  to  the  three  model  sizes  considered.  The  com¬ 
puter  code  for  these  programs  is  contained  in  Appendix  E. 

Analysis  of  the  Data 

The  REGRESSION  subprogram  of  SPSS  was  used  as  the 
descriptive  tool  to  identify  the  structural  nature  of  the 
relationship  between  mean  square  error  improvement  (degrada¬ 
tion)  of  ridge  versus  OLS  models  as  a  function  of  linear 
combinations  of  the  predictor  variables.  For  this  problem 
it  was  appropriate  to  isolate  the  smallest  subset  of  pre¬ 
dictor  variables  that  yielded  the  greatest  impact  on  the 
model.  Therefore,  the  stepwise  solution  procedure  was 
selected.  This  procedure  combined  forward  inclusion,  the 
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entering  of  independent  variables  that  met  pre-established 
statistical  criteria,  with  deletion  of  variables  that  met 
specified  exit  criteria  at  each  successive  step. 

The  variables  considered  by  the  model  included  the 
four  predictor  variables,  all  first  order  cross  products 
(six  interaction  terms),  and  squared  predictor  variable 
terms . 

The  principal  criteria  for  evaluating  the  terms 
of  the  model  included  the  following: 

1.  Comparing  the  coefficient  of  determination 

2 

(R  )  for  each  model  step. 

2.  Comparing  the  relative  size  of  the  partial 
F-statistics  for  all  variables  within  each  model  step. 

3.  Comparing  the  relative  size  of  the  partial 
F-statistic  for  the  variables  entered  during  each  model 
step . 

The  size  of  the  coefficient  of  determination  was 

interpreted  as  the  percent  of  total  variation  explained  by 

the  variables  in  the  regression  model .  The  change  in  the 
2 

R  for  a  step  indicated  the  additional  percentage  of  vari¬ 
ation  explained  by  the  variable  entering  the  model,  given 

the  variables  already  in  the  model.  For  this  analysis,  the 
2 

R  statistic  was  clearly  the  most  important  measure  for 
determining  the  key  variables  (terms). 

The  size  of  the  partial  F-statistic  for  each  vari¬ 
able  within  a  model  step  indicated  the  significance  (rela¬ 
tive  importance)  of  that  variable  with  respect  to  the  model 
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formed  for  that  step.  The  most  significant  variable  con¬ 
tained  the  highest  partial  F-statistic  and  so  on. 

The  partial  F-statistic  for  each  variable  entering 
the  model  was  compared  between  model  steps  as  a  further 
measure  of  the  relative  importance  of  each  additional  vari¬ 
able  to  the  model . 

The  SPSS  programs  used  to  perform  the  regression 
analysis  are  contained  in  Appendix  F.  The  output  from  these 
programs  will  be  presented  and  discussed,  along  with  the 
results,  in  Chapter  V. 
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V.  Results  and  Conclusions 


Linear  Model  Data  Analysis 

The  regression  analysis  of  the  linear  model  data 
produced  a  seven  variable  model.  This  model  was  based  on 
115  cases  which  are  presented  in  Appendix  G.  A  summary  of 
the  linear  model  regression  results  is  contained  in  Table  1 
Based  on  the  criteria  used  to  evaluate  the  terms 
of  the  model  discussed  in  Chapter  IV,  the  key  term  in  the 
model  was  determined  to  be  CR0SS4 ,  the  cross  product  of  K 
and  RL.  This  term  explained  82.6  percent  of  the  total  vari 
ation  in  the  data  and  was  much  more  significant  than  the 
other  terms  entering  the  model  as  is  shown  by  the  partial 
F-statistics  under  the  "F  to  enter  or  remove"  column  of 
Table  1.  Also,  throughout  all  of  the  regression  steps,  the 
CR0SS4  term  remained  much  more  significant  than  the  other 
variables.  This  is  shown  in  columns  "Partial  F  of  CR0SS4 " 
and  "Partial  F  of  the  Next  Most  Significant  Term." 

Because  of  the  high  amount  of  variation  explained 
by  the  CR0SS4  term,  the  small  contributions  made  in  explain 
ing  the  remaining  variation  by  the  other  terms,  and  the 
relative  sizes  of  the  partial  F-statistics  discussed  above, 
CR0SS4  was  selected  as  the  key  variable  explaining  nature 
of  the  relationship  between  mean  square  error  improvement 
(degradation)  of  the  ridge  versus  OLS  models. 
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MARY  OF  REGRESSION  ANALYSIS  RESULTS— LINEAR  MODEL  DATA 
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Graphical  Analysis  of  the 
Linear  Model  Data 

The  interrelationship  of  the  variables  in  the 

CR0SS4  term  is  shown  in  Figure  2.  The  graph  is  a  plot  of 

MSERATIO  ( improvement/degradation  of  the  ridge  versus 

OLS  model)  versus  K  at  fixed  levels  of  RL.  For  two  of  the 

lower  values  of  RL  (1.536  and  1.830),  the  results  were 

mixed.  Slight  improvements  (MSERATIO  between  1.0  and  1.60) 

were  shown  for  16  cases;  however,  slight  degradations 

(MSERATIO  between  0.19  and  1.0)  were  shown  for  4  cases. 

For  RL  levels  2.196  to  13.424,  greater  improvements 

(MSERATIO  between  1.0  and  4.-16)  were  made  while  there  were 

no  degradations.  The  size  of  the  improvements  increased 

consistently  with  k  for  a  given  level  of  RL  and  with  RL 

for  a  given  level  of  k.  For  high  levels  of  RL  (50.841  to 

119.772),  large  improvements  (MSERATIO  between  1.0  and 

86.94)  were  realized,  especially  for  models  of  poorer  fit 
2 

(R  values  of  90  percent  or  lower) . 

Results  of  the  Linear 
Model  Analysis 

For  the  linear  model,  ridge  regression  provided  the 

greatest  MSE  improvement  in  situations  with  high  multicol- 

2 

linearity,  especially  for  models  with  an  R  value  of  90 
percent  or  lower.  Only  in  a  few  situations  did  the  tech¬ 
nique  show  a  degradation  in  the  mean  square  error.  These 
were  due  to  overestimating  the  value  of  k,  causing  the  bias 
to  overcome  the  reduction  in  variance  of  the  ridge 
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Fig.  2.  Graphical  Analysis — Linear  Model  Data 
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estimator.  Consequently,  conservative  estimates  of  k,  less 
than  or  equal  to  0.04,  limit  worsening  the  mean  square  error 
for  data  with  low  RL  values  (RL  less  than  2)  and  enable 
larger  improvements  to  be  made  for  more  collinear  data  (RL 
greater  than  2) . 

Log-Linear  Model  Data  Analysis 

The  regression  analysis  for  a  log-linear  model  data 
produced  a  nine  variable  model.  The  model  was  based  on  108 
cases  which  are  presented  in  Appendix  H. 

Using  the  same  evaluation  criteria  as  the  linear 
model,  CROSS4  (cross  product  of  K  and  RL)  was  again  selected 
as  the  key  term  explaining  the  improvement  (degradation) 
in  the  MSE.  A  summary  of  the  log-linear  regression  results 
is  contained  in  Table  2. 

For  the  log-linear  model,  the  CROSS4  term  explained 

92.4  percent  of  the  total  variation  in  the  data;  each  of 

the  remaining  eight  terms  explained  less  than  0.9  percent 

2 

of  the  variation  (contributed  less  than  .009  to  the  R  sta¬ 
tistic)  as  they  were  added  to  the  model. 

As  in  the  linear  model,  CR0SS4  was  much  more  sig¬ 
nificant  (partial  F-statistic  to  enter  equal  to  1280.23) 
than  any  other  variable  entering  the  model.  The  next  most 
significant  term  was  CROSS6  with  an  F  to  enter  of  15.28. 
Throughout  the  iterations  of  the  stepwise  regression, 

CROSS4  remained  the  most  significant  term  by  a  wide  margin 
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as  is  shown  in  the  comparison  of  partial  F-statistics  of 
CR0SS4  and  the  next  most  significant  term  in  Table  2. 


Graphical  Analysis  of  the 
Log-Linear  Model  Data 

The  interrelationship  for  the  variables  in  the 
CR0SS4  term  of  the  log-linear  model  is  shown  in  Figure  3. 
The  graph  shows  results  very  similar  to  the  linear  model. 
Mixed  results  were  obtained  for  RL  values  1.528  and  1.836. 
As  with  the  linear  model,  the  degradations  were  due  to 
overestimates  of  k.  Slight  improvements  (MSERATIO  between 
1.0  and  1.18)  were  shown  for  21  cases  while  3  cases  showed 
a  slight  degradation  (MSERATIO  between  .25  and  1.0)  in  the 
mean  square  error.  Similar  improvements  (MSERATIO  between 
1  and  3.66)  were  shown  for  RL  levels  between  3.174  to 
12.127  as  the  2.196  to  13.424  levels  in  the  linear  model. 
Again,  greater  improvements  (MSERATIO  between  1.0  and 

64.29)  were  made  for  RL  levels  50.926  to  120.029  with  the 

2 

largest  corresponding  to  models  with  poorer  fit  (R  values 
of  9  2  percent  or  lower)  . 

Results  of  the  Log-Linear 
Model  Analysis 

The  overall  results  of  ridge  regression  for  the 
log-linear  model  are  the  same  as  those  for  the  linear 
model.  Conservative  estimates  of  k,  less  than  or  equal  to 
0.04,  limit  the  worsening  effects  of  bias  in  the  ridge 
regression  estirates  (RL  values  less  than  2)  while  enabling 
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Fig.  3.  Graphical  Analysis--Log-Linear  Model  Data 
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more  significant  improvements  to  be  made  for  data  with 
higher  degrees  of  multicollinearity  (RL  values  greater  than 
3)  . 

Conclusions 

The  regression  and  graphical  analyses  showed,  within 
the  limitations  and  assumptions  of  the  investigation,  when 
ridge  regression  provided  a  better  estimate  of  the  coeffi¬ 
cients  of  a  system  cost  model  compared  to  ordinary  least 
squares  for  simulated  data.  From  the  regression  analysis, 
the  interaction  of  the  value  of  k  and  the  degree  of  multi¬ 
collinearity  (RL)  determined  the  amount  of  relative  improve¬ 
ment  in  the  mean  square  error.  The  graphical  analysis 
showed  in  detail  how  the  variables  interacted  and  what 
degree  of  improvement  (degradation)  could  be  expected  from 
the  data. 

In  using  the  ridge  trace  to  select  the  value  of  k, 
it  was  important  to  consider  the  tradeoff  between  reduction 
in  variance  and  increase  in  bias  on  the  mean  square  error 
of  the  coefficient  vector.  Conservative  estimates  (k<0.04) 
allowed  for  reduction  in  variance  desired  in  the  biased 
estimate  for  RL  values  as  low  as  1.536  for  the  linear  model 
and  1.528  for  the  log-linear  model.  Further,  the  ridge 
trace  and  variance  inflation  factors  of  the  (X^X)  *  matrix 
were  valuable  in  choosing  the  value  of  k,  particularly  for 
RL  levels  greater  than  or  equal  to  five. 
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Recommendations 


Based  on  the  results  of  this  investigation,  it  is 
recommended  that  ridge  regression  be  used  as  a  tool  to 
construct  cost  estimating  models  for  data  exhibiting 
multicollinear ity .  It  is  particularly  valuable  for  high 
levels  of  multicollinearity  (RL  levels  greater  than  50) 
but  also  shows  moderate  improvements  in  MSE  for  lower  RL 
levels  (RL  levels  as  low  as  2)  . 

The  ridge  trace  and  ,  ariance  inflation  factors 
can  be  used  to  select  k  which  determines  the  amount  of  bias 
in  the  regression  coefficient  estimates.  It  is  recommended 
that  conservative  estimates  be  made  so  that  k  is  less  than 
or  equal  to  0.04.  However,  for  data  producing  one  or  more 
of  the  VIF's  greater  than  or  equal  to  10,  the  estimate  of 
k  should  be  large  enough  to  reduce  the  largest  VIF  to  below 
10.  A  priori  information  about  the  signs  of  the  coeffi¬ 
cients  can  also  be  used,  within  the  boundaries  recommended, 
in  constructing  the  model.  The  value  of  k  is  selected 
after  the  standardized  coefficients  have  stabilized  to 
the  "correct"  sign  and  magnitude. 

Suggested  Follow-on  Research 

Further  research  could  be  directed  at  comparing 
predictions  of  the  ridge  and  OLS  models  using  actual  data. 
These  comparisons  could  be  made  using  several  existing 
statistics  used  by  cost  analysts. 
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Further  Monte  Carlo  comparisons  could  be  con¬ 
ducted  examining  prediction  intervals  of  the  two  esti¬ 


1 


mators.  Selection  of  the  appropriate  technique  might  be 
based  on  the  smallest  prediction  interval  as  an  alternative 
to  improvements  in  mean  square  error  of  the  coefficient 
vector . 

Finally,  continued  research  could  be  conducted  com¬ 
paring  the  different  methods  for  selecting  k,  using  the 
basic  variables  considered  in  this  study.  Although  the 
ridge  trace  and  variance  inflation  factors  provided  valu¬ 
able  information  for  selecting  a  value  of  k,  additional 
guidance  concerning  non-sub jective  methods  for  choosing  k 
could  simplify  the  modeling  procedure  and  lead  to  expanded 
use  of  the  ridge  technique  in  the  area  of  cost  estimation. 
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PROGRAM  DATA < INPUT, TAPE4) 

* 

* 

* 

REAL  SIGMA. V (4.  4)  .  WFC  (  10)  ,  XVEC  (TO.  4)  .  WLVEC  (4)  ,  R  VO)  .  ET (20)  , B (4) . 

■  c  (7u) .  v  (70) . ore o'd  . siimx  (4) , mcanx  (4) ,  xvEr.ru;  <70,  4 > 

INTFGER  M.  N .  NR .  IFR,  I  ,  I ,  J 
DOUBLE  PRECISION  DSEED,  DSEED1 

*  PROGRAM  GEMI'RATEG  DATA  F (JR  REGRESSION  ANALYSIS  IN  r  RDGRAM  R I  DCF . 

*  INDEPENDENT  VARIABLE  DA  (  A  GFNERA7  T  D  IN  HE  AM  CORRECT  F  D  FORM  USING  IMSL 

*  SUBROIJI  INF  GGNGM(  TRIANGULAR  FACTOR  I  7  AT  I  ON  MI- 1  HOD). 

*  DEPENDENT  VAR  I  ADI  .F  DATA  Y  <  1  )  GFNF.RATFD  FROM  MflDFI.  Y-XP<E  WHERC  F  IS  A 

*  NORMAL  RANDOM  ERROR  TERM  HUM  MEAN  ZERO  AND  VARIANCE  SIGMA  SOIJARFD. 

*  IMSL  SIJIiROUTINE  GGNME  IS  USED  TO  GC  MIGRATE  NORMAL  ( 0 ,  1  )  DEVIATES  WHICH 

*  ARE  ADJUSTED  TO  VARIANCE  SIGMA  SOI  JARED. 

*  MATRIX  V<  .  )  IS  IN  CORREt  AT I ON  FORM, 

*  D(  )  IS  A  VECTOR  OF  KNOWN  COFFT  ICItlN  TS. 

*  SIGMA  IS  THE  VARIANCE  Or  THE  RANDOM  ERROR  OF  THE  VS. 

*  M  IS  THE  ROW  DIMENSION  (IF  THE  CORDFLATION  MATRIX  V. 

*  N  IS  THE  COLUMN  DIMENSION  OF  THE  CORRELATION  MATRIX  V.  ALSO,  IT  IS  THE 

*  NUMBER  OF  FLEMFNTS ( VAR T  ARLES >  IN  THE  X-VFCTDR. 

*  NR  IS  THE  NUMBER  OF  N-ELEMF.NT  X-VECTPRS  TO  BE  GTNCRATED  IN  EACH  ITERATION, 

*  DATA  CARD  FORMAT ! 

*  FIRST  CARD— 001.  1  NUMBER  OF  ROWS  IN  THE  CORRELATION  NATRIXU  IMIT  IS  4). 

COL  3  NUMBER  OF  COLUMNS  IN  THF  CORREI  AT  I ON  MATRIX (LIMIT  IS  4). 

ALSO,  IT  IS  THE  NUMBER  OF  VARIABLES  IN  THE  X-VECTOR. 

COLS  S-A  NUMBER  OF  MULTIVARIATE  VECTORS (X)  TO  BE  GENERATED. 
COLS  10-14  VARIANCE  OE  TI-tF*  RANDOM  ERROR  OF  THE  Y 
OBSERVATIONS!'  DECIMAL  PLACES). 

SECOND  CARD— COLS  1-5  CDF  IF  1 0 1 FNT  Bt. 

COLS  10-14  COEFFICIENT  D7. 

COLS  20-74  COEFFICIENT  BT. 

COLS  30-74  COEFFICIENT  B4. 

REMAINING  CARDS —  ELEMENTS  OF  CORRELATION  MATRIX  V(I.J>.  EACH  CARD 

CONTAINS  ONE  ROW  OF  THE  MATRIX  IN  F  FORMAT (4  DECIMAL 
PLACES) . 

COLS  7-0  V(1,J) 

COLS  12-1S  V (2. J ) 

COLS  27-2(1  V  ( 7 .  J  ) 

COLS  32-50  V (4 , J ) 


DSCFD-4AA7A4007.no 
DSC  ED 1 = 1 23457 .  DO 

READ-  (  I  1  ,  T7.  I  1  .  TS.  I7.TI0.F5. 3)  ’  ,  M,  N,  NR.  S1C.MA 
♦INITIALIZE  MATRICES  AND  VECTORS. 

DO  10  I  -  l , N 

B  ( I  )  ■-  0 .  0 

DO  70  ,1-M.N 

V(I.J)=0.0 

20  CONTINUE 

10  CONTINUE 

DO  70  1  =  1 ,  (N*  <N*1 ) ) /7 
VVEC < I ) -0. 0 
30  CONI INUE 

DO  40  1=1. NR 

DO  50  .1=1.  N 

XVE.C  ( I  ,  J  )  =0.  0 
50  CONTINUE 

40  CONTINUE 

DO  AO  I = 1 . N 

WKVFC  < I ) =0. O 
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60 


CONTINUE 
DO  70  1  =  1.  NR 

ET  < II =0. 0 
R ( I ) =0. 0 

cm  =0.0 
y<  n^o.o 
70  CONTINUE 

RrArr  <rr..?.  tio. re,.  2,  T20,fs.  2.  tso.fs. 2, » • .  <d<j>  ,  J=i  ,n> 

♦READ  CORRELATION  MATRIX 
DO  1 00  7  =  I . M 

READ'  (T2, F7. 4 , T 1 2. F7. 4 , T22 . F7 . 4 .  T37 , F7. 4 1  ’  .  ( V ( I . J 1  , J" 1 , N) 

100  CONTINUE 

♦CONVERT  MATRIX  V  TO  SYMETRIC  ST UR ARE  MODE. 

CAM.  VCVTFG (V. N, 4, VVFD 
♦  WRITE  PARAMETER  VECTOR  TO  f  ERMANFNT  FILE. 

wri  rr<4,2tv)  (i<(.ii  ..i=i  ,n> 

25  FORMAT  IF5. 2. T 10, PS. 2. T20, F5. 2. TTO.  F5.  2) 

♦LOOP  FOR  NUNRER  OF  DATA  SETS  WITH  PARAMETERS  SPECIFIED  IN  DATA  INPUT, 
DO  110  1=1,1000 

IFIK.EO. 1)  Wt VEC (11=0.0 
IF (K.GT.  1  1  Wl- VEC  (11-1.0 

♦GENERATE  X  VALUES.  MATRIX  XVFC  IS  DIMENSION  NR  X  N. 

CALL  GONSM (DSCED, NR, N, WEC. 20,  XVFC,  WKVEC,  IER1 
♦MEAN  CORRECT  XVEC  MATRIX. 

DO  75  1=1, N 

SUMX (11=0.0 
75  CONTINUE 

DO  00  I = 1 . NR 

DO  90  J=1,N 

SUMX  ( J 1 =SUMX ( J 1 +XVEC <  I ,  J  1 
90  CONTINUE 

00  CONTINUE 

DO  95  I  =  1  .  N 

MFANX ( I) -SUMX (II /NR 

95  CONTINUE 

DO  96  1=1. NR 

DO  97  .1  =  1,  N 

XVECMC ( I . J 1 =XVEC <  I ,  J 1 -MEANX ( J 1 
97  CONTINUE 

96  CONTINUE 

♦GENERATE  MR  STANDARD  NORMAL  DEVIATES (VECTOR  R) . 

CALL  GGNMl.  (DSL'Elll  .NR.Rl 
♦ADJUST  DEVIATES  TO  VARIANCE  SIGMA  SQUARED. 

DO  120  1=1. NR 

ET(I)=R(I) ♦SIGMA 
120  CONTINUE 

♦MEAN  ADJUST  ERROR  DEVIATES. 

SUMET =0. 0 
DO  125  1=1. NR 

SUMET =SI  JMET +ET  <  1 1 

125  CONTINUE 
ETMCAN=SUMF.T/NR 
DO  126  1  =  1,  NF( 

ETC ( 1 1 =ET ( 1 1  — ETMEAN 

126  CONTINUE 

♦  CREATE  MATRIX  PRODUCT  Xll. 

CALI  VMUI.I  FI  XVECMC.  D,  MR.  N.  1 , 20, 4,  C.  20,  IER1 
♦ADD  RANDOM  ERROR  TO  MATRIX  PRODUCT  XU. 

DO  1 30  1  =  1,  NR 

V ( I >  =C ( 1 1 +ETC  ( I  1 
130  CONTINUE 

♦WRITE  DATA  TO  PERMANENT  FTLF. 

DO  140  1=1. NR 

WRITE (4, 15)  Y( I  1 .  ( XVFCMC ( I , J 1  . J=1 .Ml 
15  FORMAT (T2.FO.4,T12.P0. 4 . T22 . f 0 . 4 . T32 . FR. 4 . T42. F0 . 4 ) 

140  CONTINUE 

110  CONTINUE 
END 
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Appendix  B 

FORTRAN  Code  for  Program  DATAL 
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* 

* 

* 


PROGRAM  DAT  AL  <  I NP LIT .  TAPE4 ) 


REAL  SIGMA,  V<  4. 4)  .  wrr  <  IO>  .  XVFC  <20.  4  )  .  W)  VEC (4)  .  ROD  .FT  < 20 >  ,  B  (4)  , 
i  C  <20>  ,t.0GY<20>  ,ETC<20>  .SUMKCl)  ,  MEANX  (41  , XVECMC (20. 4) 

INTEGER  M.N.NR. IFR.L. I . J 
DOUBLE  PRECISION  DSEED.  DSEED1 

******************************************************************************* 

PROGRAM  GFNFRATES  DATA  FOR  REGRESS I  ON  ANALYSIS  IN  PROGRAM  RIDGE. 

INDEPENDENT  VARIABLE  DATA  GENERATED  IN  S  1 ANDART)  I  ZED  FORM  USING  IMSL 
SUBROUTINE  GGNSM  <  TR I ANGULAR  FACTORIZATION  METHOD). 

IMSL  SUBROUTINE  GGNML  IS  USED  TO  GENERATE  NORMAL(O.l)  DEVIATES  WHICH 
ARE  ADJUSTED  TO  VARIANCE  SIGMA  GOIJARLD. 

DEPENDENT  VARIABLE  DATA  LOGY <1 >  GENERATED  FROM  MODFL  Y-|.OR(X)R+E  WHERE  E 
IS  A  NORMAL  RANDOM  ERROR  TERM  WITH  MEAN  ZERO  AND  VARIANCE  SIGMA 
SQUARED. 

MATRIX  V<  .  )  IS  IN  CORRELATION  FORM. 

D  <  )  IS  A  VECTOR  OF  LOG  LINEAR  E'ARAME  TERR. 

SIGMA  IS  THE  VARIANCE  OF  THE  ERROR  OF  THE.  LOGY’S. 

M  IS  THE  ROW  DIMENSION  OF  THE  CORRELATION  MATRIX  V. 

N  IS  THE  COLUMN  DIMENSION  OE  THE  CORRELATION  MATRIX  V.  ALSO,  IT  IS  THE 
NUMBER  OE  ELEMENTS  ( VAR  I  ADI.  ES)  IN  THE  X-VECTOR. 

NR  IS  THE  NIIMDER  OF  N-ELEMENT  X-VECT0R5  TO  RE  GENERATED  IN  EACH  ITERATION. 

DATA  CARD  FORMAT: 

FIRST  CARD — COL  1  NIIMRER  OF  ROWS  IN  THF  CORRELATION  MATR IX (LIMIT  IS  4). 

COL  3  NUMBER  OF  COLUMNS  IN  THF  CORRELATION  MATRIX (LIMIT  IS  4). 

ALSO,  IT  IS  THE  NUMRER  Ilf  VARIABLES  IN  THE  X-VECTOR. 

COLS  5-A  NUMRER  OF  MULTIVARIATE  VECTORS ( X )  TO  RE  GENERATED. 
COl.S  10-14  VARIANCE  OF  THE  RANDOM  ERROR  OE  THE  LOG(Y> 
OBSERVATIONS <3  DECIMAL  PLACES). 

SECOND  CARD — COLS  1-5  MULTIPLICATIVE  CONSTANT  PARAMETER  A. 

COLS  10-14  EXPONENT  PARAMT’ ICR  HI. 

Cm  S  20-04  EXPONENT  PARAMO  I  R  R~. 

COLS  30-34  EXPONENT  PARAMO  I FR  in. 

COLS  40-44  EXPONENT  PARAMO  ER  R4. 

REMAINING  CARDS —  ELEMENTS  OP  CORRELATION  MATRIX  V(I,J>.  EACH  CARD 

CONTAINS  ONE  ROW  OF  THE  MATRIX  IN  F  FORMAT (4  DECIMAL 
r’LACES)  . 

COLS  2-0  V<1 . J) 

COLS  12- in  V ( 2 . J > 

COLS  22-20  V ( 3 . J ) 

COLS  32-30  V ( 4 , J ) 

******************************************************************************* 


DSrr.0"-'4AZ>~i'.4003 .  DO 
DSEED  1  ~1  3 34 1 r/.  D0 

READ'  ( I  1 . T  '. I  1 . T5.  12. TIO.ES. 3) " .N.N.NR, SI  GMA 
*  IN I T I AL I ZE  MATRICES  AND  VECTORS. 

DO  10  1 4 \ , M 

B<I) =0.0 

DO  20  ,1=1  .N 

V<I.J>*=0.0 

20  CONTINUE 

1 0  CON  T  I NIJE 

DO  30  1  =  1 .  (N*  <N*1 )  )  /'J 
VVFC ( I ) =0. 0 
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30  CONTINUE 

DO  40  1=1. NR 

DO  SO  J  ==  1  .  N 

XVEC ( 1 ,  J  1 =0. 0 
SO  CONTINUE 

40  CONTINUE 

DO  60  1  =  1,  M 

Wt.VEC  (  T 1  =0.0 
60  CONTINUE 

DO  70  1  =  1.  NR 

ET (I 1=0.0 
R  ( I )  =0.  0 
C(I)-0.0 
LORY  (  I  >  -=0.  0 

70  CONTINUE 

READ’  trS. C.T10.P5. 2. T20.ES. 2. T30.F5,  2.  T40.F5.  2) ’  ,  A,  (B  ( J ) , J= 1 . N) 
♦READ  CORRELATION  MATRIX 
DO  100  1=1. M 

READ’ <T1\F7. 4. T12.F7. 4. T22.F7. 4. T22.F7. 4) ’■ (V<1,J).J=1.N> 

100  CONTINIJC 

♦  CONVERT  MATRIX  V  TO  SYMETRIC  STORAGE  MODE. 

CALL  VCVTr'KV.N.  4.  WFC) 

♦  WRITE  PARAMEUR  VECTOR  TCI  FERMANF.NT  FILE. 

WRITE  ( 4 , 251  (BUTT, 0  =  1, NT 

23  FORMAT  (f'S.  2.  r  I0.F5.  2.  T20,rs.  2.  T'JO.FS.  7) 

♦  LOOP  FOR  NUMBER  (IF  DATA  RETS  WITH  PARAMETERS  SPECIFIED  IN  DATA  INPUT. 

DO  1 1 0  1=1,1 000 

IF  (K.  £0 .  I  )  Wl  VEC  <  1  )  =0 .  0 
IF(K.RT.l)  WLVGC (11=1.0 

♦GENERATE  X  VALUES.  MATRIX  XVEC  IS  DIMENSION  NR  X  N. 

CA1.L  GRMSM<noFFr).NR.N.VVEC.?0,  XVFC.WI  VFC.  TER) 

♦  TRANSLATE  X'S  A  STANDARD  DEVIATIONS  INTO  POSITIVE  f.lUADRANT. 

DO  71  1=1, MR 

DO  72  ,T  =  1,N 

XVEC  ( I ,  ,J  1  *  XVEC  ( I ,  J  )  *6 
IF < XVEC U, J> .LE.0.01  THEN 
XVFC ( I , J ) =0. 01 

END  IE 

X VEC ( I , J ) =LOG ( XVEC ( I . J ) ) 

72  CONTINUE 

7 1  CONT  T  NUE 

♦  MEAN  CORRECT  XVEC  MATF<  1 X  . 

DO  75  I = l , N 

SUMX <11=0.0 
7S  CONTINUE 

DO  DO  7=1. NR 

DO  90  ,1  =  1 ,  N 

SUMX  <  J 1  =SUMX  ( J  >  +XVEC  ( 1 .  ,5 ) 

90  CONTINUE 

80  CONTINUE 

DO  95  I « 1,19 

MFANX ( I ) =SUMX < I ) /NR 

95  CONTINUE 

00  96  1  =  1,  NR 

DO  97  .1  =  1.  N 

xvt.CMO ( i ,  J)  =xvcr. <  i ,  j i  -nr anx  <,t> 

97  CONTINUE 

96  CONTINUE 

♦  GENERATE  nr  STANDARD  NORMAL  DEVIATES  (VrCTOR  Rl. 

CALL  E.RNML  (lY.lt-T  D 1  ,  NR  .  R 1 

♦  ADJUST  DEVIATES  TD  VARIANCE  SICMA  SCI  IARED. 

DO  120  1=1, NR 

ET ( I ) =R( I ) tSIOMA 
120  CONTINUE 

♦MEAN  ADJUST  ERROR  DEVIATES. 

SUMET  =  0. 0 
DO  125  1=1. NR 

SUMET =Sl  (MET +ET < 1 1 
125  CONT  I  (41  IF 

ETMEAN-  SIIMET/NR 
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t 


it 


k 


DO  1  26  I  - 1  ,  NR 

ETC ( I ) =ET ( I ) -ETMEAN 
126  CONTINUE 

*  CREATE  MATRIX  FRODUCT  IN(X)P. 

CAI.L  VMUl.r  r  (XVECMC,  r<,  NR.N.  1 . 20,  4.  C.  20.  IER> 

*ADD  RANDOM  ERROR  TO  MATRIX  PRODUCT  XFt. 

DO  130  t  rsi,  NR 

LOGY  ( I >  =C ( I )  *ETC.  <  I )  +LOG  (A  ) 

130  CONTINUE 

♦WRITE  DATA  TO  E ERMANRNT  FILE. 

DO  140  1=1. MR 

WRITE  <4. 15)  LOGY  (  I  >  ,  (XVECMC ( I , J > . J  =  1 . N> 

15  FORMAT (T2.FQ. 4, T12.F0. 4. T22.F0. 4, T32.F0. 4, T42.F0.4) 

140  CONTINUE 

110  CONTINUE 
END 


PROGRAM  RIDGE ( I NPUT . OUTPUT . TAPES  INPUT, TAT rA-OUT PUT . TAPE7) 


PROGRAM  TO  PERFORM  RIDGE  REGRESS I ON  ANAL YG I  0  000110 

C . MON  I CHOLG  --  MAY  1  POO  —  AIR  FORCE  INSTITUTE  OF  TECHNOLOGY  000120 

FROCFDI.IRF  AG  DOCUMENTED  IN  CHATTER. ITE  AN!)  PRICE  000130 

"REGRESSION  ANALYSIS  RY  EXAMPLE"  WIIFY.1977  0001  <10 

MULTIPLE  REGRESSION  PROCEDURE  IS  EFROYMSI  IN' S  ALGORITHM  0001  SO 

IN  "MATHEMATICAL  METHODS  FOR  DIGITAL  COMPUTERS"  ED.  DY  000160 

RALSTON  AND  WJI.K  WILEY.  1960  000170 

DATA  RASE  FORMAT:  0001  BO 

FIRST  CAR'D  —  COLS  1-1*  NUMDER  OF  VAR  I  ARI.FS  (INCLUDING  DEPENDENT)  000190 
LIMIT  IS  16.  COI.S  3-4  INDEX  OP  DEPENDENT  VAR.  000700 
COLS  5—6,  ANY  NUN-ZERO  VALUE  GENERATES  000710 

LOG-LINEAR  MODEL.  COI.S  7-11  E- INCREMENT  VALUE,  000770 
MUST  RE  GREATER  1  HAN  7f.R0  AND  LE  .02.  000230 

COLS  12-13  NUMRER  OF  ORSCRVATION  VECTORS  IN  000235 

EACH  CAGE.  000276 

SECOND  CAR'D  —  FORTRAN  FORMAT  STATEMENT  FOR  INPUT  DATA.  MUST  RE  000240 
F-TYFF  SPECIFICATIONS  AND  ACCOUNT  FOR  NUMRER  OP  000250 
VARIABLES  STATED  ON  FIRST  CARD  000260 

REMAINING  CARDS  —  CIRRFRVA T I ONG  IN  FORMAT  SPECIFIED  RY  SECOND  CARD000270 
CORRELATION  MAIHJX  CONSTRUCTED  tN  A(.)  000700 

CORRELATION  MATRIX  COPIED  TO  R(.)  FOR  FACH  ITERATION  000310 

MO  IS  MEAN  VECTOR.  SO  IS  STD. DEV.  VECTOR  000320 

B  < ,  )  IS  MATRIX  OF  STANDARDIZED  EOF FF I E 1  EN i G  000330 

PL.T  ( |  )  IS  PLOT  RIJITFR  FOR  RIDGE  TRACE  j  fLT(t.G2>  IS  R-SOUARE  000340 

FLMXO  CONTAINS  VAI.  UEG  OF  L  FOR  TACH  ITIRAIION  000350 

V I F ( , >  CONTAINS  VARIANCE  INFLATION  FACTORS  FOR  EACH  ITERATION  000360 


DIMENSION  A(  16.  16)  .  R(  16.  16)  .  M(  16)  .S  ( 16)  .  X  ( 16)  .  E<  (50.  16)  .  F'LT  (! 

FMT (H) , ALNUM( 16) , FI  MX (5 1 ) . VIE (50.  1 6 ) . BEAR < 16) 

REAL  M.INCK 


DATA  ALNUM/'T 


■B", "C". "D". "E" 


.  "4"  ,  "6",  "7”,  "0".  "9", 

■F".  "Ci“/ 


load  data  page,  first  read  no.  vars:nv.  index  of  nrr r.NDEMTt 
FLAO  FOR  LOG-  I.  I  NEAR •  LORE,  INCREMENT  EUR  K-VAIUE:  INCK 
READ  (5.  10)  NV.  I  XD.  I.  OOr.  INEI  .  NIIMC 


FORMAT (317 


12) 

I F  (  I NCK  .  LE  .  0.  0 )  I  NCI.  = .  LOG 
IT ( INCK. GT. . 07)  INCH-. 005 
NVM1-NV-1 

INITIALIZE  VARIABLES. VECTORS. and  ARRAYS. 

DO  I  00  I  =  1 ,  NV 
M  (  I ) =0. 0 
S  ( I ) -0. 0 
DO  1  OO  ,1  =*  1 ,  NV 
A  ( I , J  >  *0 . 0 
CONTINUE 
DO  1 50  I  -  1 , 50 
DO  150  J==l  .  16 
B  (  I  .  J  )*'i.'>.  0 
CONTINUE 

READ  FORMAT  STATEMENT  DESCRIBING  DATA  BASE 
READ  15, 15)  FMT 
FORMAT (PA  10) 

READ  COEFF 101 ENT  PARAMETERS  OF  MODEL  AS  SPFCTPIED  DY  FORMAT 
STATEMENT  35. 

RE AD (7. 25)  (DPAR(T) .1^1 .NVN1 ) 


10,52)  ,000200 
000290 
000370 
000700 
000390 
000400 

I XD  000410 
000420 
000430 

000450 
000460 
000470 
000400 
000490 
000500 
0005 1 n 
000520 
000530 
000540 
000550 
000560 
000570 
000500 
000590 
000600 
000610 
000670 
000621 
000622 


25  format  (tti.  2.  t  n'>.F5.  ?.  T?..,  f  2.  t  '.rr..r> 

c  reap  opservat inns  according  to  user  input  format  statement 

DO  TOO  1  =  1.  Mill  ": 

200  REAP  <7, EMT)  (  X  ( .1 )  .  J- 1  ,  NV) 

I r (UOCF. EO. 0)  GO  TO  250 
DO  225  J=1.MV 
X (J) =ALOG(X (J) ) 

225  CONTINUE 
250  N=Nrl 

C  CONSTRUCT  MEAN  VECTOR  AND  COVARIANCE  MATRIX 

DO  200  J  =  1 . NV 
M  M  )  =M  M  >  +  X  (2  ) 

DO  000  JIM.  NV 
AM.  .11  >=AM..71  )  *X  ( J)  *X  (.7  1  ) 

300  CONTINUE 

C  END  OF  INPUT  DATA,  CALCULATE  MEANS , S I CM AS , CORREL AT  1  ON  MATR I  X 

400  DO  TOO  J= 1 . NV 

G  ( J  )  =  GCRT  (  (  A  (.7,  J)  -M  <  J)  *M<  J  )  /N>  /  (N-l  .  O)  ) 

MM)=MM> /N 
500  CONTINUE 

DO  600  J=1.NV 
DO  600  J1=J,NV 


•"'00623 
000624 
000625 
0006-0 
000650 
000660 
000670 
000600 
000690 
000700 
0007  I  O 
000720 
000730 
000740 
000750 
000700 
000790 
000000 
ooon i o 
ooo  mo 

0O0P30 

000040 


•  =  (J  .  J1  )-N*M<J) 

600  CONTINUE 

DO  too  J  «•  1 ,  NVM 1 
JP1M  +  1 

DO  700  J 1 =  J R 1 .NV 
AMI.  >7 )  =A  M.  J1 ) 

700  CONTINUE 

C  F-RINT  MEANS, STD. DEVIATIONS, CORREtATION  MATRIX 

WRITE <6, 50)  I NCt  ,  N 

30  FORMAT (lHl , "RIDGE  REGRESSION  PROGRAM  —  AIR  TORCE  INSTITUTE  OF", 

1  "  TECHNOLOGY" / 1H0, "E-VALUE  INCRCNCNT  IS  ",E6.4/// 

2  1H0, 10,"  CAGES  READ  FROM  INPUT  FILE"// 

3  I  HD,  "VARIADLE  NIIMPER  ML'AN  STD. DEV."/) 

DO  000  J - 1 , NV 

WRITE  <6;  35)  J.M(J).SM) 

35  FORMAT  < 1H  . 7X . 12 . 6X . F 1 2 . 5, F 12 . 4> 

000  CONTINUE 

IF  (LOGF.EO.O)  GO  TCI  050 
WRITE (6, 57) 

37  FORMAT  UNO/ 1H0. "LOG-LINEAR  OPTION.  ALL  VAR I ARLES  TRANSFORMED"/) 
050  WRITE (6. 40)  (NN.NN-l.NV) 

40  FORMAT ( 1H0/1U0, "CORRELATION  MATR I  X " / 1  HO , "VARIADLE" , 

1  1617) 

DO  900  .1=1,  NV 

WRITE  (6 , 45)  J.  ( A  < .7 ,  ,7  1  )  ,  .11  =  1 ,  NV ) 

45  FORMAT ( tHO, 16. 4X, 16E7, 3) 

900  CflNT  I NIJE 

C  COPY  CORRELATION  MATRIX  FROM  A  70  R  FOR  EACH  TTERATICN 

c  FK  IS  VALUE  OF  K  FOR  RIDGE  ESTIMATES 

EK=0 . 0 
EKMX  < 1 ) =0 . 0 

WRITE <6. 50)  <NN,NN=1.NV) 

WRITE (6,52) 

50  FORMAT < 1H1 . "NORMAL! VET)  (STANDARDIZED)  RCGRT5S I ON  COEFFICIENTS"/ 
1  1  HO  ,  "  VAR  I  AKl  r-.  ",  1617) 

52  FORMAT (1H  , "F- VALUE" ) 

DO  1650  IX) =1,50 
DO  1000  JM.NV 
DO  1000  ,J1  =  1.NV 
RM..U)=AM.J1) 

1000  CONTINUE 

C  ALTER  D I  AGONAL  OF  R  MATRIX  REPRESENTING  X’X 

DO  1  100  .1  =  1  .  NV 
lFU7.ro.  I XD)  GO  TO  1100 
R  M ,  J )  =R  ( J ,  J )  ♦  FI; 

1100  CONTINUE 


000050 
000060 
000070 
OOORHO 
000090 
000900 
0009 1  0 
000920 
000930 
000940 
000950 
000960 
000970 
0009G0 
000990 
001000 
00 1  0 )  0 
001020 
001030 
001040 
001050 
001060 
001070 
00 1 000 
00 1 090 
00 1 1 00 
00 1110 
00 1 1 20 
00 1 1 30 
001 1 40 
00 1 1 50 
00 1 160 
00 1 1 70 
00  I  1 00 
00 1 1 90 
00 1 200 
00 1 2 1 0 
001220 
001230 
001240 
00 1 250 
001260 
001270 
001200 
001 290 
00 1 300 
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C  MATRIX  INVERSION  —  SOLVES  FOR  REPRESSION  COEFFICIENTS 

DO  1 500  I = 1 . NV 
IF <  I. EC.  I XD)  GO  TO  1500 
DO  1300  J=1.NV 
IF  (.7.  EO.  I)  GO  TO  1300 
V=RIJ,  I)/RU,  I) 

DO  1200  K  =  1 . NV 
IF  IK. ED. I)  GO  TO  1200 
R  <  J  .  K )  *  R  <  3 ,  K )  - ' V  *  R  <  I .  K ) 

1200  CONTINUE 
R( J. I ) =-V 
1300  CONTINUE 

DO  1400  ) =1.NV 

IFIK. E0. I)  GO  TO  1400 
R< I ,K) =R( I ,K> /R< I . I ) 

1400  CONTINUE 

R ( I . I ) =1 . 0/R ( I . I) 

1500  CONTINUE 

C  SAVE  COEFFICIENTS  FROM  THIS  ITERATION 

C  CALCULATE  VIF'S  AND  SAVE: 

C  DIAGONAL  ELS  OF  COEFFICIENT  COVAR.  MTX.  DIVIDED  FtY  SIGMA**2 

BS0=0. O 
DO  1000  J—], NV 
VIF  < I XK. J >  =0.0 
IFU.EO.IXD)  00  TO  1600 
E(IXK,J)=R(J,IXD) 

BSO=DSO+E'(IXK,  J)  *  D  ( I  X  K ,  J ) 

DO  1575  L=1.NV 
TV I F =0 . 0 

IFIL. E0. I XD)  GO  TO  1573 
DO  1550  T - 1 , N V 

IFIK.EO. IXD)  GO  TO  1550 
TVIF=TVIF+A(L,K)  TRIE  .  .7  7 
1550  CONTINUE 

VIFIIXK. J)=VIF(IXK. J)*R(J,L) *TVIF 
1575  CONTINUE 
1600  CONTINUE 

C  SAVE  R- SOU ARE  VALUE  IN  PLOT  PUFFER s  P’ X’ Y<K*PT< 

F  LT  1 1  XK .  52 >  =  1 . 0-R  1 1  X D .  I  X D )  -i  FK*PS0 
C  END  OF  LOOP  OVER  VALUES  OF  K 

C  FRINT  COEFFICIENTS  FOR  THIS  ITFRATION 

WRITEI6.55)  FK. (D(IXK.J) , J=1,NV> 

55  FORMAT  1 1H  , F5. 3. AX , J AF7. 3) 

C  ALTER  K  VALUE 

FK=FK+ 1NCK 
FKMX  1 1 XK+ 1 ) =FK 


00 1310 
001320 
001330 
001340 
00 l 330 
001360 
001370 
001300 
001390 
001400 
00 1410 
001420 
001 430 
001440 
001450 
001460 
001470 
00 1  4 GO 
001490 
00 ) 500 
00 1510 
00 1 520 
001530 
001540 
00 1 550 
00 1 560 
001570 
0015(30 
001590 
001600 
001610 
001620 
001630 
001640 
001650 
001660 
001670 
001600 
001690 
001700 
001710 
001720 
001730 
001740 
00 1 750 
001760 


1650  CONTINUE  001770 

C  CALCULATE  UNNI3RMAI . 1 7CD  COEFFICIENTS  001700 

WRITE (6.51)  (NN.NN-l.NV)  001790 

51  FORMA  T  1 1  Ml , "I  INNORMAL  I  ZED  CCICrr 1 0 1 ENT 5" /  OOtGOO 

1  1H0."  VARIABLE* INTERCEPT  “.14, 1517)  001010 

WRITE (6.52)  001020 

DO  1000  1-1.50  001030 

CNST -M (IXD)  001040 

DO  I  700  .1-1  .  NV  00 1 050 

IT  (.7  .  Ft).  I  XD)  GO  TO  1700  001060 

CNST=CNST-(F<(1  ..I)  *S<  IXD)  /5(J>  )  tM(3>  0010  70 

X  (,7)=H<  I,  J)  *S<IXD>  /S(J>  001000 

1700  CONTINUE  00in90 

X< IXD) =0.0  00)900 

IF  (t.PGF .  Nr .  0 )  CNST=FXP  (CNST)  001910 

WRITE  <  6 , 56 )  FKMX  <  I )  .CNST.  (X  (.7)  .  J=1  .NV)  00)920 

56  FORMAT  (1H  .  F5.  3 . 2X .  (3 )  2 . 4 ,  1 6F7 . 3)  001930 

1000  CONTINUE  001940 

IF (LOGF.EO.O)  GO  TO  2050  001950 

WRITE  (A.  5(7)  001960 


513  FORMAT (1HO/IHO. "LOG-LINEAR  MODEL I  INTERCEPT  CONVERTED  TO  ANT  I LOG" ) 00 1 970 
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C  GENERATE  RIDGE  TRACE 

2050  DO  2100  1=1.50 
DO  2100  J= 1 , 5 1 
FL  T ( I . .} ) = 1 H 
2100  CONTINUE 

C  FIND  MIN  AND  MAX  NORMALIZED  COEFFICIENT  VALUES 

SM=* 1 F99 
8G=- 1E99 
DO  2200  1-1.50 
DO  2200  J-l.NV 
IFtJ.EO. IXD>  GO  TO  2200 
1FGUI.J)  .LT.SM)  SM=P(I..J> 
inroi.j)  .GT.8G)  DG=D<I,J) 

2200  CONTINUE 
C  LOAD  PLOT  DUFFER 

X  1=  ( RG-SM)  /r.0.0 
DO  2400  1-1.50 
J1*1.0-SM/XI 

IFIJl.GT.O. AND. J1.LE.51)  FLT 1 1 , J 1 ) -=  1H. 

DO  2400  J-l.NV 
IF(J.EO.IXD)  GO  TO  2400 
J 1  =  1 .0+  <B< I . J 1 -CM)  /XI 
FLT  < I , J 1 > -ALNUM ( J ) 

2400  CONTINUE 
C  PRINT  RIDGE  TRACE 


WRITE (6.60) SM,  F<(3 

60  FORMAT ( 1  HI , "RIDGE  TRACE:  NORMALIZED  COEFFICIENT?"/ 

1  I HO, "COEFFICIENT  RANGE: “ . F 12. 4 . "  T0".F12.4/ 

2  1HO, "K-VAl. UC". IX, 51 (1H. ), "  R-SOUARE " / ) 

DO  2500  1*1, 50 

WR1 TE (6, 65)  FFMX ( I ) , (Fl.T (I,J).J=1.51) . PLT (1,52) 

65  FORMAT ( 1 H  , F5 . 3 , 3X , 5 1  A 1 . F 7 . 4 ) 

2500  CONTINUE 

C  OUTPUT  VARIANCE  T  Ml-'l  AT  I  ON  FACTORS  (VIF) 

WR I TE ( 6 , 70 )  '  NN , MN- 1 , NV ) 

70  FORMAT < 1  HI . "VARIANCE  INFLATION  FACTORS  FOR  REGRESSION" 

1  "  COEFFICIENTS"/  1H(J, "  VAR I ABLE I 1 6 1 7 ) 

WRITE <6. 52) 

DO  2600,1=1.50 

WRI TF (6. 75) n  MX ( I ) . (VIF ( I , J) . J=1 ,NV) 

75  FORMAT ( IM  . F5. 3. 6X , 1 6F7. 1 ) 

2600  CONTINUE 

WRITE ( 6 . PO) 

80  FORMAT (1H1) 

STOP 

END 


002230 

002240 

002250 

002260 

002270 

0022G0 

002290 

002300 

0022-10 

002520 

002330 

002340 

002350 

002360 

002370 

002380 

002390 

002400 

002410 

002420 

002430 


Appendix  D 

FORTRAN  Code  for  Program  RIDGE 
(Monte  Carlo  Modified  Version) 
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PROGRAM  RIDGE  ( I NPUT , OUTPUT , TAPES  - 1 NF U T ,  T  APE/i'-OlJTPUT ,  T  APE7 .  T  APEO )  OOOIOO 


MONTE  CARLO  ANALYSIS. 


000110 


PROGRAM  TO  PERFORM  R I BGE  REGRESSION  ANALYSIS  0001 10 

J. MAI. IN — JULY  1901—  AIR  FORCE  INSTITUTE  OF  TECHNOLOGY  000 ISO 

PROCEDURE  AS  DOCUMENTED  IN  CHATTF  I. .JIT  AND  ERICE  0001  "■0 

"REGRESSION  ANALYSIS  DY  EXAMPLE"  WILEY. 1977  000140 

MULTIPLE  REGRESSION  PROCEDURE  IS  EFMJYMSON’S  ALGORITHM  00015x0 

IN  "MATHCHAT IEAL  METHODS  FOR  DIGITAL  COMPUTERS"  ED.  DY  OOOIOO 

RALSTON  AND  W1LF  WILEY. 1960  000170 

DATA  RASE  FORMAT:  000 1  SO 

FIRST  CARD  —  COLS  1-7  NLIMF'ER  OF  OAR  I  ARLES  (INCLUDING  DEFEMDENT)  000190 
LIMIT  IS  16.  COLS  3-4  INDEX  OF  DEPENDENT  VAR.  000700 
COLS  5-6.  ANY  Ml  IN-  ZEE.O  VALUE  GENERATES  000?.  1  0 

LflG-l.  I  Mr  AR  MODE  1  .  COLS  7-11  (-VALUE  SELECTED  000770 

FROM  PROGRAM  IV I  DOF  TOR  MTINTF.  EARI.O  TRIALS.  000770 

COLS  17-13  NIIMRER  OF  OBSERVATION  VECTORS  IN  000775 

EACH  CASE.  00077 A 

SECOND  CARD  —  FORTRAN  FORMAT  STATEMENT  FOR  INPUT  DATA.  MUST  RE  000740 
F-TYLF  SPECIFICATION.?.  AMD  ACCOUNT  FOR  NUMBER  OF  000750 
VAR  I ARLES  STATED  ON  FIRST  CARD.  000760 

THIRD  CARD —  FORTRAN  FORMAT  STATEMENT  FOR  OUTPUT  DATA.  MUST  PE  000765 
F-TYPE  SPECIFICATIONS  AND  ACCOUNT  FOR  ALL  VAR I ARLES  0<X>766 
IN  WRITE  STATEMENT  999.  000767 

REMAINING  CARDS  —  OBSERVATIONS  IN  FORMAT  SPEC  I  TIED  DY  SECOND  CARD000770 


CORRELATION  MATRIX  CONSTRUCTED  IN  A(.) 

C0RRE1  AT  I ON  MATRIX  COPIED  TO  R(.)  TOR  EACH  ITERATION 
MO  IS  MEAN  VECTOR.  SO  TS  STD.  DEV.  VECTOR 
Bt.)  IS  MATRIX  OF  STANDARDIZED  COE.Fr I C I FN TS 

VIF«,1  CONTAINS  VARIANCE  INFLATION  FACTORS  FOR  EACH  ITERATION 


0007.OO 
000.7 1  0 
000370 
0007 70 
000360 


D I MENS ION  A  ( 1 6 ,  I  6  >  .  R  ( 1  6 .  1  6  >  .  M  <  1 6  >  ,  5  <  t  6  >  .  X  ( 1 6  >  .  R  <  7 . 

16) . FMT (R) . 

000700 

t 

l  l 

1  VIE  <  2 ,  16) . SOL (2) ,  IVSO ( 50 ) , FM  TOUT ( H > .RPAR(16) 

. MSE ( 7 ) . X  X ( 2 . 

16)000790 

1 

REAL  M.INCF.MSE 

000370 

DATA  G0E/7*O.0/ 

000370 

NC=0 

c 

LOAD  DATA  BASF.  FIRST  RF AD  NO.  VARG:NV.  INDEX  OF  DEPENDENT:  IXD 

0004  1 0 

t  c 

FLAG  FOR  LOG -LINEAR:  LOGF.  INCREMENT  FOR  P -VALUE: 

I  NOL¬ 

000470 

r 

READ  <5.  10)  NV.  T  X D .  L  CIEiF .  INCL.NUMC 

000430 

r.  10 

FORMAT (312. F5. 7. I2> 

000435 

t' 

NVM 1  - NV- 1 

000440 

‘  C 

READ  FORMAT  STATEMENTS  DESCRIBING  DATA  RASE  INPUT 

AND  OUTPUT. 

000450 

READ <5. IS)  FMT 

000460 

READ  <5. 15)  FMT OUT 

000470 

IS 

FORMAT  (E1A10) 

000475 

c 

READ  PARAMETER  COEFFICIENTS  OF  MODEL. 

000476 

READ <  7. 75)  (REAR ( J  ) ,  I ,NVM) ) 

000477 

25 

FORMAT (F5. 7. T 1 0.P5. 2.T20.F5. 7. T30. r5. 7) 

0004 7G 

C 

INITIALIZE  VARIABLES. VECTORS. AND  ARRAYS. 

200 

CONTINUE 

0004RS 

* 

N  -  0 

0004116 

DO  1  00  I  •=  1  ,  NV 

000490 

M  ( I  )  ”0.  0 

000500 

5(1) ”0.0 

0005 1 0 

DO  100  J=1,NV 

000570 

A ( I . J ) =0 . 0 

000530 

l 
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100  CONTINUE 

DO  125  I »  1 , 2 

sue  < i > -o. o 
MGE  ( I )  =0. 0 
1 25  CONTINUE 

DO  100  1=1,0 
DO  ISO  J  =  1  .  16 
P(I,J>-0.0 
150  CONTINUE 

C  READ "nRSCRVAT TONS  ACCORD  I  NO  TO  USER  INPUT  FORMAT  STATEMENT 

DO  "00  Il  -l.NlJMC 
REAP  <  7 ,  FM T  )  (  X  ( J  )  .  ,1---1  .  NV) 

IF<fOP(7) ,NE.O>  on  TO  1900 
IF(t.OGF.EO.O)  GO  TO  250 
DO  225  J=1.NV 
X(J)=ALOG(X<J> ) 

225  CONTINUE 
250  N=N« 1 

C  CONSTRUCT  MEAN  VECTOR  AND  COVARIANCE  MATRIX 

DO  "00  J=1,NV 
M<J>=M(J)+X<J> 

DO  200  J  1  —  ,1 ,  MV 
A(J,.T1>«-A<J,  Jl>+X  (J)  *X(J1) 


000540 
ooor.fl  i 
0005 A  2 
00054 3 
000544 
000550 
000500 
000570 
000500 
000590 
000600 
000630 
000640 
000650 
000660 
000670 
0006 GO 
000690 
000700 
0007 1 0 
000720 
000720 
000740 


500  CONTINUE 
350  r.oNT  i  mue 

C  CALCULATE  MEANS, SIGMAS. CORRELAT ION  MATRIX  FOR  THIS  SET  OF  DATA. 

400  DO  500  J= l , NV 

S(,1)=S0RT(  <A(J,J)  -M(J>  *M(J)/N)  /  (N-1.01  ) 

M(J)=M(J> /N 
500  CONTINUE 

DO  600  J-l.NV 
DO  600  .1 1 =2 . NV 

A  <  J ,  J  I  )  =  ( A  ( J .  J  1  >  -N*M  <  J)  *M(J1 ))  /  (  <N-1 .0)  *S(  J)  »!3<J  1 )) 

600  CONTINUE 

DO  700  J=1.NVM1 
,1F  1  =  J  + 1 

DO  700  J1-JP1.NV 
A  (01  ,  J)=A(,1,  ,1 1) 

700  CONTINUE 

C  COPY  CORRELAT I ON  MATRIX  FROM  A  TO  R  FOR  EACH  ITERATION 

C  FK  IS  VALUE  OF  K  FOR  RIDGE  ESTIMATES 

FK=O.C> 

DO  1650  I XK* 1 , 2 
DO  1000  J-l.NV 
DO  1 000  J 1 = 1 . NV 
R(J.  ,11  )  -  A  <  J  •  J  1  ) 

1 000  CONT I NUE 

C  ALTER  DIAGONAL  OF  R  MATRIX  REPRESENTING  X’X 

DO  1100  .1=1  ,  NV 
IF ( J. EO. I XD)  GO  TO  1 100 
R(,J,  J)=R(J,  Jl+FK 
1 100  CONTINUE 

C  MATRIX  INVERSION  —  SOLVES  FOR  REGRESSION  COEFFICIENTS 

DO  1 500  1=1. NV 
IF  ( I .  EO.  I  XI))  E.0  TO  1500 
DO  1  TOO  ,1  =  1.  NV 
IF(.T.FP.I)  OO  TO  1700 
V=R(.l.  I)/R(),  T) 

DO  1200  K=1,NV 
IF  O'. EO. I )  00  TO  1200 
R  ( J  , I. >  =R  ( J . I. )  -  VtR  <  I ,  K ) 

1200  CONTINUE 
R ( J . Il=-V 
1300  CONT  I  Nt  IF 

DO  1400  1=1. NV 
IF (V . EO. I)  GO  TO  1400 
R(I.L)=R<I,K)/R(I, I> 

1400  CONTINUE 

R  <  I ,  I)-*l.O/R<I.  I) 


000750 
00770 
000775 
000790 
000000 
0008 l 0 
000020 
000030 
000040 
000050 
000060 
000070 
OOOBOO 
000090 
000900 
000910 
001 120 
001 170 
001 1 40 
00 1150 
001220 
00 1 270 
001240 
00 1 250 
001260 
001270 
00 1 200 
001290 
00 1 300 
00 1310 
001320 
001370 
001740 
00 1 350 
00 1 360 
001370 
00 1 300 
00 1 390 
00 1 400 
001410 
00 1 4  20 
001430 
001 440 
001450 
001460 
001 470 
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non 


1500  CONTINUE 

SAVE  COEFFICIENTS  FROM  THIS  I  TERAT  I  TIN 
CALCULATE  V I F '  55  AMO  SAVE: 

DIAGONAL  ELS  OF  COEFFICIENT  COVAR.  MT X .  DIVIDED  BY  S1GMA»*2 
E‘S0-0.  O 

DO  1600  J=1,NV 
vir<iXK,Jt-o.o 
IFOT.EO.  IXD)  GO  TO  1600 
B  < IXK, J J =R( J. I XD) 

BSO-I'SO+E*  ( I  XL .  J  )  * B  <  I  XK ,  J  ) 

DO  1575  L=! ,NV 

tvit=o.o 

IF  (1. .  EO.  I  XD)  GO  TO  1575 
DO  1 550  K= 1 . NV 
IF  O'. EO.  I XD)  GO  TO  1550 
TVI F  **-TVl  F +A  (L. ,  K )  *R(K,.l) 

1550  CONTINUE 

VIF  ( IXK  ,  Jl-VIF  ( IXK.  J)  +R(.1,L>  *TVIF 
1575  CONTINUE 
1600  CONTINUE 

tCALCUl.ATF  THE  UNN0RNALI7FD  COEFF IC I ENTS. 

DO  1610  1*1.2 

DO  1620  T-l .MV 

IF(J.EQ.IXD)  GO  TO  1620 
XX  <  I,  J)=RU  ,  J)  *S<  IXD)  /S(J> 

1620  CONTINUE 

1610  CONTINUE 

C  COMPUTE  RL  ST  AT  I ‘ST  IC  ( INDEX  OF  MULT  I  COLL  I  Nr  AR I  TY ) 

SVIF=0. 0 

DO  1 625  I  =  1 .  NV 

IF ( I . EO. I XD)  GO  TO  1625 
SVJF=VIF(1. Il+SVIF 
1625  CONTINUE 

IF  <  IXK.  EO.  1>  RT.-SVIF/ (NV-t  ) 

C  COMPUTE  AND  GAVC  R-550UARED. 

RSO < I  XL ) = 1 . 0-R ( I XD , I  X D ) +FL ♦ DSD 
FK=F)>INCK 
1650  CONTINUE 

C  CALCULATE  MEAN  SQUARE  ERROR. 

DO  1 BOO  1=1.2 

DO  1750  J=2. NV 

SOE < I) =SOE < I ) * (XX (I, J)-BPAR<J-1 > ) «*2 
1750  CONTINUE 

1 800  CONT  I NIJE 

DO  1050  1=1,2 

MSE  1 1  >  =SQE  ( I )  /NVM1 


001480 
001 470 
00 1 GOO 
OO 1 5 1 0 
001520 
001570 
001540 
00 1 550 
00 1  560 
001570 
00 1580 
001570 
00 1  600 
00 1610 
001620 
001620 
0011.40 
001650 
001660 
001670 
001671 
001672 
001673 
001674 
001675 
001676 
001677 
00 1  6110 
001690 
00 1 700 
00 1710 
001720 
001730 
001 740 
001750 
001760 
001750 
001770 
001780 
001790 
00 1 000 
00 1810 
001070 
001940 
001941 
001942 


1050 

999 

C 

1900 

2000 


CONTINUE 

WR ITE(0,FM  TOUT )  (  (XX  (  tt.,M)  ,  T,)-2,  NV)  .  1 1  “  i  ,  2) 

«  , KK= 1,2) ,  <R5Q< I  II) , 1 1 1  =  1, 2) ,RL. 

NC-NC+l 
NEXT  CASE 
GO  TO  200 
CONTINUE 

PRINT (6, 2000) PPAR ( 1 )  . DEAR (2)  .!<PAR<3>  .14  AR < 4 > 
FORMAT (1IM////"  MODEI  PARAMETERS <P ' G> "// " 

I  ,  F5 .  7 .  "  P3.>  "  ,15.7,  "  D4=  I  " 

I  "  NUMBER  OF  VAR  I  API.  Fiji  ”,12//" 

«  /) 

STOP 

END 


001943 

,  (  (V)F(KE.LL)  ,  l.L  =  2,  NV)  001950 

(MSE(J.IJ)  ,  J,1J»1,2)  001960 

002060 

002065 

002070 

002080 

. 1NCK.NVM1  002070 

PI  " . PG. 2. "  B2-  "007100 

)  -VAl.l It’s  "  .  15.  3.  0021  1 0 

RANDOM  ERROR  ADDED: "002 1 70 
002130 
002420 
002430 
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Appendix  E 

SPSS  Programs  Containing  Subprogram  CONDESCRIPTIVE 
( 2 ,  2/  and  4  Variable  Models ) 
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RUN  NAME 
FILE  NAME 
VARIABLE  LIST 


RIDGE. OLS  ANALYSIS 

RIDGE, ANAL  OF  MONTE  CARLO  SIMTOl.S  AMD  RIDGE  REGRESSION) 

DLSt ,  DLS2.  F'Rl  , PRC, VIFLS1 ,  VIFL.S2.  VlFRl . V 1FR2 . RSOLS, RSOR , RL . MSELS. 
MGER 


INPUT  FORMAT 
N  OF  CAGES 
INPUT  MEDIUM 
VAR  LAE<ELS 


FIXED(1X.4F9.3, 1X.4FS.3. 1X.2F7.4. 1X.F7.2, IX.2F0.4) 

l  r>oo 

CARD 

E'LSl.DI  L  FAST  SOI  IARED/PLS2,  B2  LEAST  SPUARrS/ 

BRl.PI  RIDGE/PR2.D?  RIDGE/ 


PRINT  FORMATS 

LIST  CASES 
CONDESCRIPTIVE 


VIFl.S1.VIF  LS  VAR  1/V1FLS2.VIF  LS  VAR  2/VIFR1.VIF  RIDGE  VAR  1/ 
VIFR2.VIF  RIDGE  VAR  2/RSPL5,  R-SL’IIARED  LEAST  SOUARES/ 

RSOR , R— SOI  IARED  RIDGF/RL, INDEX  OF  MULT T COLL  I NEAR T TY/MSELS . 

MEAN  SOUARE  ERROR  L  S/MGER,  MEAN  SQUARE  ERROR  RIDGE/ 

PL  SI ,  H.S2,  DRt ,  PR?.  <31  /  VIFLS1.V IFLS2 ,  V IFR  J  .  VIFR7  (2)  / 

RSOLS, RSOR, RL. MSFI  S. MGER (41 / 

CASFS  -70/ VAR  I  API  E!:i==ALL/ 

PLS1 , PLS2.DR1.BR7, VIFLS1 , VIFLS2, VIFR1 . VIFR2, RSOLS. RSOR. Rl  .MSELS. 
MSER 


STATISTICS  1.5. A. 9. 10. 11 

READ  INPUT  DATA 

FINISH 


Fig.  4.  Subprogram  CONDESCRIPTIVE — Two  Variable  Model 


RUN  NAME 
FILE  name 
VARIABLE  LIST 

INPUT  FORMAT 
N  OF  CASES 
INPUT  MEDIUM 
VAR  LABELS 


RIDGE.OIS  ANALYSIS 

RIDGE. ANAL  OF  MONTE  CARLO  SIMMIES  AMD  RIDGE  REGRESSION) 

PL SI  TO  PLS3.PR1  TO  PR3.VIFLS1  TO  VI 11.53, VI FR 1  TO  VIFR3. RSOLS, 
RSOR, RL, MSELS, MSER 

FIXED ( IX , 6F0. 3, 1X.AF0.3, 1X.2F7.4, 1X.F7.2. 1X.2FB. 4> 

1 000 
CARD 

Rl.Si.Bl  LEAST  S0UARES/BLS2 , P2  LEAST  50UARES/BLS3.  B3  LEAST 
SOUARES/ 


BRl.Pl  RIDGF/BR2.P2  Rl DGF /PR3 , B T  R 1 1ILiF  / 

VIFLS1.VIF  IS  VAX  1 /Vtn  S7.VTF  LS  VAR  2/ VI FI. S3, VI F  LS  VAR  3/ 
VIFR1 , V I F  RIDGF  VAR 1 / V t f R7 , V I F  R T DOF  VAR  7/V1FR3, VIF  RIDGE  VAR 
RSOR,  R— SOI  IARED  RIDGE/RL.  INDEX  OF  Ml  II.  T )  COI.L  INF  ARI  TY/MSELS , 

MF AN  SOUARE  ERROR  LS/MSFR , MEAN  SOUARE  FRROR  RIDGE/ 

PRINT  FORMATS  BL.S1  TO  PI.S3.  BR1  TCI  PR3 < 3) /VIFLS1  TO  VIFLS3.VIFR1  TO  VIFR3(2>/ 
RSOLS . RSOR . RL , MSELS , MSER (41/ 

LIST  CASES  CASES^SO/ VAR TABLES- ALL/ 

CONDESCRIPTIVE  PLS1  TO  PL03.PR1  TO  BR3.VIFLS1  TO  VIFLS3, VIFR1  TO  VIFR3, RSOLS, 
RSOR .  RL ,  MOI"  I  S .  MSFR 
STATISTICS  1,5.6,9,10,11 

RF AD  INPUT  DATA 
FINISH 


3/ 


Fig.  5.  Subprogram  CONDESCRIPTIVE — Three  Variable  Model 
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RIJN  NAME  R f  DGE .  f.IL  G  ANALYSIS 

FILE  NAME  Ft  1 IH3F. ,  ANAL  OF'  NON  IE  CARLO  SIMlOLS  AND  RIDGE  REGRESSION) 

VARIABLE  LIST  F'LSI  TO  EU.n4.PRI  TO  F<K4 .  V I  ELS  1  TO  VIFLS4.VIFR1  TO  V I  FRA  .  RSC'LS , 
RSOR , RL , MSECS , MSLR 

INPUT  FORMAT  FIXED < IX. QFO. 3, 1 X.OFQ. 3/1 X. 0F7. 4. 1 X. F7. 7. 1 X, DF0. 4) 

N  OF  CASES  1000 

INPUT  MEDIUM  CARD 

VAR  LABELS  PLS1.D1  LEAST  SCUARFS/M S3 . DP  I  EAST  SOUARES/PLRS.  E<3  LEAST  SQUARES 

/BLH4.P4  LEAST  SOUARFS/PR  I  .  PI  R I DOF/TiR?.  D?  R  I D(5E / PR3 ,  R3  RIDGE/ 
PR4.D4  RIDSK/VIH  SI . VIF  LG  VAR  1 /VI EISD. VIE  I  S  VAR  .7/ 

VIFl.S3.VTF  is  VAR  3/VinS4.Vir  IS  VAR  a/VIFRl.VIF  RIDGE  VAF(  1/ 
VIFRC.VIF  RIDGE  VAR  r/VIFRS.VIE  RIDGE  VAR  G/VIFR4.VIF  RIDGE  VAR  4 
/RSOL.S,  R-SOI IARE1)  I  S/RSOR.  R-SPIIARFD  RIDGF/RI. ,  INDEX  OF  MULT  I COLl.  I NE 
ARITY/  MSECS. MEAN  SQUARE* ERROR  LEAST  SOUARES/MSER, MEAN 
SQUARE  ERROR  RIDGE/ 

PRINT  FORMATS  PLSI  TO  DtSA.DRl  TO  PR4  <7) /VIFI  St  TO  VIFLS4.VIFRI  TO  VIFR4(2)/ 
RSC'LS .  RSOR  .  RL  (  4)  /MSFl  S ,  MSFFi  (  4 )  / 

LIST  CASES  CASES'  -DO/ VAR  I  AF<LFS~ALL.  / 

CONDESCRIPTIVE  BLSt  10  DLS4.PR1  TO  BR4.VIFLS1  TO  V IFLS4 , VIFR 1  TO  VIFR4,RS0LS, 
RSOR, RL.M5ELS. MGER 
STATISTICS  1,5,6.9.10.11 

READ  INPUT  DATA 
FINISH 


Fig.  6.  Subprogram  CONDESCRIPTIVE — Four  Variable  Model 
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Appendix  F 

SPSS  Program  for  Regression  Analysis 
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RUN  NAME  REGRESSION  OF  RIDGE  REGRESSION  DATA 

FILE  NAME  REGANAL, REGRESSION  OF  SIMULATED  DATA 

VARIABLE  LIST  RSO. RL , K. NVAR . MSE , MSEL3 

INPUT  FORMAT  F l XED <F4 . 3, T 1 0, F7 . 3 , T20, F5. 3 , T30, F 1 . O,  T32, F6. 3 , T40, F6. 3> 

N  OF  CASES  115 

INPUT  MEDIUM  CARD 

VAR  LABELS  RSO,  R-SOUAREIKLS>/RL.  INDEX  CF  MULT  I  COl.l.  I  NEAR  I TY/K.  K- INCREMENT  / 

NVAR.NUMPCR  OF  VARIABLES  IN  MODEL /NSC, MEAN  SQUARE  ERROR/ 
MSELS.MPAN  SQUARE  ERROR  LEAST  SOUARES/ 

COMPUTE  MSERAT 1 0--MSEL5/MSE 

COMPUTE  CROSS  1  *=RSCTRL 

COMPUTE  CR0SS2-r<SC'*K 

COMPUTE  CR0SS3<=RS0*NVAR 

COMPUTE  .  CR0S54«>RL*K 

COMPUTE  CROSSS=RL INVAR 

COMPUTE  CR0S56“K*NVAR 

COMPUTE  RLSQ-R'L*  *2 

COMPUTE  KSQr'K**2 

COMPUTE  NVARSQ“NVAR**2 

COMPUTE  RS0S0“RSn**2 

PRINT  FORMATS  MSE , MSELS. MSERAT 1 0,  RSO,  K,  CROSS  1  TO  CR0SS6, RLSO, KSQ, RSQSO, 

RL 13) / 

LIST  CASES  CASEK=1 1S/VARIAPLES=ALL/ 

REGRESSION  METH0D=STCPWI5E/ 

VARI  ABLES=*RSQ«  RL, K, NVAR , MSERAT 10 , CROSS 1  TO  CR0SS6 , RLSQ, KSQ, RSOSQ, 
NVARSO/ 

REGRESS I ON“MSERAT 10(10. 1.0,. 001 ,0.7)  WITH  RSQ, K, NVAR, RL, 

CROSS 1  TO  CR0SS6 ( 1 )  RESID-O/ 

STATISTICS  ALL 

READ  INPUT  DATA 
FINISH 


Fig.  7.  Regression  Program--Linear  Model 
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RUN  NAME 
PILE  NAME 
VARIABLE  LIST 
INPUT  FORMAT 
N  OF  CASES 
INPUT  MEDIUM 
VAR  LABELS 


COMPUTE 
COMPUTE 
COMPUTE 
COMPUT  E 
COMPUTE 
COMPUTr 
COMPUTE 
COMPUTE 
COMPUTE 
COMPUTE 
COMPUTE 
PRINT  FORMATS 

LIST  CASES 
REGRESSION 


REGRESSION  OF  RIDGE  REGRESSION  DATA 
REGANAL. REGRESSION  OF  SIMULATED  DATA 
RSO,  RL ,  K,  NVAR.  MSE .  MSELS 

FIXEIHF4.3,T10,F7.3,T20,F5.3,T30,F1.0, T32,  FA.  3, T40, F&. 3) 

109 

CARD 

RSQ.R-SCUAREDvLSVRL,  INDEX  OF  MIJLT I  COIL  INEAR  I T  Y/K,  K- 1 NCREMENT/ 
NVAR, NIJMRER  OP  VAR I ARLES  IN  MODEL / MSE . MEAN  SOUARE  ERROR/ 

MSELS, MEAN  SOUARE  ERROR  LEAST  SQUARES/ 

MSERAT IO-MSELS/MSE 
CROSS 1=RS0«RL 
CR0GK2»RS0iK 
CR0SE>3-»RS0*NVAR 
CR0SG4«-RLtk 
CROSS'"  •'Rl .  *MVAR 
CR0SS6"K*NVAR 
RLS0«=RL**2 
KS0”K*iC2 
NVARSQ-NVAR*  *2 
RS0S0=RSQ**2 

MSE, MSELS. MSERATIO, RSO, K.CROGSl  TO  CR0SS6 , RLSQ, KSQ, R50S0, 

RL  ( 3 )  / 

CASES-- 1 08 /VAR  I  ARLES" ALL/ 

METHOD=STEPWISE/ 

VAR I AF<LE5=»RS0 , RL , K , NVAR , MSERAT 1 0 , CROSS  I  TO  CR0SS6 , RLSO , KSQ, RSQSO , 
NVARSO/ 


REGRESS I QN-MSERAT 10(10,1.0,, 00 1,0.9)  WITH  RSO , K , NVAR , RL , 
CR0SS1  TO  CRQSS6 ( 1 )  RESID-O/ 

STATISTICS  ALL 

READ  INPUT  DATA 
FINISH 


Fig.  8.  Regression  Program — Log-Linear  Model 
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CQNHHTS  OF  CASE  NUMBER 
SEOHUn  I 

*  0 

CROSS!  71.380 

CRQSS6  0 


RECANAL 


1 

sijpriu 

NVAft  (_ 

CR0SS2  o 

Rt-Sfl  8234.30? 


CONTENTS  Of  CASE  NUMBER  2 

SC6NUN  2.  SUBFILE 

*  .020  NVAR 

CROSS!  71.380  CR0SS2 

CR0SS4  .080  RLSO 

CONTENTS  OF  CASE  HUNGER  3 

Sfa,<UN  3.  SUBFILE 

*  .049  HVAk 

CROSS!  71.380  CP0SS2 

CR0S54  . 140  RLSO 

CONTENTS  OF  CASE  NUMBER  ^ 
SECHtlM  <.  SUBFILE 

*  0  NVAR 

CROSS  I  C2.534  CR0SS2 

CR0SS4  0  RLSO 


CONTENTS  OF  CASE  NUMBER 
SEONUM  5. 

*  .020 

CROSS!  82.534 

CR0SS4  .080 


CONTENTS  OF  CASE  NUMBER  J 

SEWUI'  4.  SUOFILE 

*  -040  NVAR 

CROSS!  82.534  CROSS? 

CR05S4  .140  RLSO 


CONTENTS  OF  CASE  NUMBER 
SEONUM  7 

*  0 

CROSS!  85.420 

CR0SS4  0 

CONTENTS  OF  CASE  NUMBER 
SEONUM  8. 

*  .040 

CROSSI  85.420 

CR0SS4  ,140  . 


7 

SUOFILE 

NVAR 

CR0SS2 

RLSO 


SUBFILE 

NVAR 

CP0SS2 

RLSO 


CONTENTS  OF  CASE  MUMPER  9 

5rcN,JI*  ?.  su&ricc 

r  .000 

CROSSI  85.420 

CR0SS4  ,J2o 


NVAR 

CROSS? 

RLSO 


CONI! NTS  OE  CASE  NUMPCR 


umn 

r 

CROSS! 

CR0SS4 


TO. 

0 

70.578 

0 


10 

SUBFILE 

NVAR 

CROSS? 

RLSO 


RE6ANAL 

4. 

.014 

8224.30? 


RE5ANAI 

4. 

.03! 

8224.30? 


RE6ANAC 

4. 

0 

8226.309 


5 

SUBFILE 

NVAR 

CRQ5S2 

RLSO 


RrUMIAL 

4. 

.074 

8224.309 


CA5HCT 

USE 

CR0SS3 

USB 


CASNGT 

MSE 

CR0SS3 

USD 


CASN8T 

MSE 

CR0SS3 

F  SO 


CASNfi! 

MSE 

COOSS3 

FSQ 


).,<m 

22.591 

3.148 

0 


J.OOOO 

1.39? 

3.148 

.000 


3.0000 
•  ROT 
3.148 
.002 


1.0000 

7.0C8 

3.640 

0 


TASNGJ 

N't 

CAOSSJ 

FOO 


1.0000 

.073 

3.776 

.006 


pro 

MSELS 

CR0SS4 

NVARSQ 


RSS 

NISEIS 

CP0ES4 

NVARSO 


RSO 

MSELS 

CPQ5S4 

NVARSQ 


reganal 

CASNGT 

1.0000 

RSO 

4. 

MSE 

.488 

MSELS 

.018 

CR0SS3 

3.640 

CROSSI 

8224.30? 

FSO 

.000 

NVARSQ 

reganal 

CASNGT 

1.0000 

RSO 

4. 

MSE 

.280 

M'fLS 

.036 

CR0SS3 

5.640 

CROSS! 

8274.309 

FSO 

.002 

NVARSQ 

REGANAL 

CASNGT 

1.0000 

RSO 

4. 

MSE 

4,608 

MSECS 

0 

CR0SS3 

5.776 

CRUSS4 

8224.309 

FSO 

0 

NVAR5Q 

REGANAL 

CASNGT 

1.0000 

RSO 

4. 

MSE 

.166 

MSELS 

.030 

CROSS! 

3.776 

CROSS  4 

8226.309 

FSO 

.002 

NVARSQ 

RS? 

MSI  1 5 
FR0SF4 

NVARSO 


rgganai 

Cf.S.NRT 

1 .  MOOO 

ra 

4. 

MSE 

.107 

*pn$ 

0 

CROSS! 

3.992 

rfr  ci 

8276.36V 

FSQ 

0 

u'  VIS'* 

NVARSQ 

.797 

22.591 

0 

16. 


.707 

22.59! 

I.BI4 

16. 


.707 

22.591 

3.620 

16. 


PL 

MSERAIIO 

CR0SS5 

RSOSO 


RL 

MSERAIIO 

CRCSS5 

RSOSO 


90.699 
1.0  00 
362. 796 
.41? 


90.499 
16.148 
342. 794 
.619 


RL  90.699 
MSERAIIO  J0.2O3 
CR0SS5  362.294 
RSOSO  .4(9 


RSO 

.910 

PL 

90.699 

MSECS 

7.000 

MSEPATIO 

1.000 

CROSS! 

0 

ER0SS5 

342.794 

NVARSO 

16. 

RSOSO 

.828 

.910 

7.800 

1.B14 

16. 


.9)0 

7.888 

3.628 

14. 


.944 

4.688 

0 

16. 


.944 

4.680 

3.620 

16. 


.944 

4.480 
7. 756 
16. 


.990 

.107 

0 

16. 


RL  90.699 
MSERAIIO  16.144 
CR0SS5  342.796 
RSOSO  .0?0 


RL 

MSERAIIO 

CR0SS5 

RSOSO 


RL 

MSERAIIO 

CRDSS5 

RSOSO 


RL 

MSERAIIO 

[*0555 

RSOSO 


Rl 

MirRAJ !0 

CR03S5 

RSOSO 


90.49V 
20.171 
342. 794 
.020 


90.699 
1.000 
342. 794 
.891 


90.699 

20.24! 

362.794 

.891 


90.499 

50.409 

367.796 

.891 


PL 

MSERAIIO 

CRPS55 

RSOSO 


90.699 

1.000 

362.796 

.994 
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COUNTS  Of  CASE  NUN&ER  II 


SEC-NUN 

II. 

SUFFICE 

FECANAL 

CASKS! 

1.0000 

FSO 

.998 

RC 

90. 699 

K 

.020 

NVAR 

4. 

USE 

.01? 

NSEI  S 

.  187 

NSEfAllO 

15.503 

CROSS) 

90.510 

CRCSS2 

.020 

CF0SS3 

3.992 

CROSSI 

1.814 

CRF1S55 

362.796 

CROSSE 

.000 

RCS9 

822E.309 

use 

.000 

NVARSQ 

IE. 

RSOSO 

.996 

CONTENTS  OF  CASE  WINDER 

12 

SFONUH 

12. 

SUCF1CE 

REGANAC 

CASNGT 

1.0000 

R50 

.998 

RL 

90.699 

r. 

.040 

NVAR 

4. 

NSC 

.008 

NSEI  S 

.18? 

NSC  RATIO 

23.375 

CROSSI 

90.518 

CRQ5S2 

.040 

CR0SS3 

3.992 

CROSS! 

3.628 

CROSS  S 

342.794 

CROSSE 

.  IE0 

RLS9 

8224.309 

LSO 

.002 

NVAFSO 

IE. 

RSSSB 

.996 

CONTENTS  OF 

CASE  NUNPER 

13 

SEONUN 

13. 

SUOMI  E 

REGANAi. 

CASKGI 

1.0000 

FSO 

.998 

RL 

90.699 

A 

.000 

NVAR 

4. 

HSE 

.005 

hSELS 

.187 

NSERATIO 

37.400 

CROSS  1 

90.518 

DI0SS2 

.090 

CR0SS3 

3.99? 

CPCSSI 

7.256 

CR0SS5 

362.796 

CF.OSSE 

.520 

RLSO 

8226.309 

LSD 

.006 

NVAFSO 

IE. 

RSBSB 

.996 

CONTENTS  Of  CASE  NUHKR 

14 

SEONUN 

II. 

SUOFICE 

REGANAC 

CASUGT 

1.0000 

ftSO 

.  JOB 

RC 

50.941 

K 

0 

NVAR 

3. 

MrE 

10.911 

NSEI  5 

10.911 

NSERATIO 

1.000 

CROSSI 

35.995 

CR03S2 

0 

CR0SS3 

2.124 

CHIPS! 

0 

CR0SS5 

152.523 

CROSSE 

0 

RCSO 

2584. OOT 

KSO 

0 

NVAFSO 

9. 

RS0S8 

.501 

rOUEHTS  OF  CASE  NUNEER 

15 

SEONUN 

15. 

SUFFICE 

REGANAI 

CASNGT 

1.0000 

FSO 

.709 

RC 

50.811 

r 

.015 

NVAR 

3. 

USE 

1.497 

NPFIS 

10.941 

NSERATIO 

7.319 

CROSSI 

35.995 

CR0SS2 

.011 

CR0SS3 

2.124 

CROSS! 

.763 

CR0SS5 

152.523 

CROSSE 

.015 

RLSO 

2584.807 

>:so 

.000 

NVAFSO 

9. 

RSOSO 

.501 

CONTENTS  of  case  nunper 

IE 

scorn 

li. 

SWF  (IE 

mmi 

CASNGT 

1.0000 

FSO 

.708 

RL 

50.84! 

.020 

NVAR 

3. 

NSC 

1.119 

N5C1S 

10.941 

NSERATIO 

9.777 

CROSSI 

35.995 

CR0SS2 

.014 

CROSS! 

2.12! 

ClfiSS! 

1.017 

CF03S5 

152.523 

CROSSE 

,0E0 

RLSO 

2594.007 

KSO 

.000 

NVARSQ 

9. 

RSOSO 

.501 

CONTENTS  Of  CACC  NUMBER 

IT 

SEONUN 

IT. 

SUFFICE 

REGANAC 

CASNGT 

1.0000 

FSQ 

.708 

RC 

50.811 

K 

.040 

NVAR 

3. 

USE 

.540 

HSELS 

10.941 

NSERATIO 

19.537 

CROSSI 

35.995 

CF0SS2 

,028 

CROSS! 

2.121 

crnssi 

2.034 

CR0SS5 

152.523 

CROSSE 

.120 

RLSO 

2584.807 

«0 

.002 

NVAFSO 

9. 

RSOSO 

.501 

CONTENTS  OF  CASE  NUNPER 

18 

SEONUN 

18. 

SUOFICE 

PEGAIIAL 

CASNGT 

1.0000 

FSB 

.983 

RL 

50.041 

r 

0 

NVAR 

3. 

N:E 

3.310 

N5ELS 

3.310 

NSERATIO 

1.000 

CROSSI 

44.093 

CR03S2 

0 

CROSS} 

2.EI9 

CROSSI 

0 

CP0SS5 

152.523 

CROSSE 

0 

RLSO 

2504.807 

rsB 

0 

NVARS8 

9. 

RSOSO 

.780 

CONTCNIS  Of  COSC  MUHCfP 

19 

srcHUN 

19. 

suoriiE 

RFGANAC 

CASNGT 

i.oo oo 

C-O 

.083 

RL 

50. All 

1 

.015 

NVAR 

3. 

USE 

.451 

HSELS 

3.310 

NSERATIO 

7.291 

CROSSI 

1  * . G73 

CP05S2 

.013 

CF0SS3 

2.419 

CROSSE 

.7E3 

CR0SS5 

152.523 

CROSSE 

.045 

RISO 

2534.807  • 

tCSt> 

.000 

NVARSB 

9. 

RSOSQ 

.700 

CONTENTS  or  CAFE  NUKRER 

20 

SEONUN 

20. 

SUPMCE 

FT  CANA! 

CASNGT 

1.0000 

RED 

.893 

RL 

50.041 

K 

.020 

NVAR 

3. 

NrE 

.339 

NOELS 

3.310 

N5FRATI0 

9.764 

CROSSI 

41.893 

CROSS? 

.010 

CROSS! 

2.649 

CKjcS« 

1.017 

CR0SS5 

157.523 

CROSSE 

.060 

RLSO 

2581.007 

K5Q 

.000 

NVAFSO 

9. 

RSOSO 

.780 
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CONTENTS  OF  CAPE  NUHBCS 

21 

SEONUN 

21. 

SUBFILE 

REGA.NAL 

CASNGT 

1.0000 

RSO 

,BR3 

RL 

50.841 

It 

.  OAO 

NVAR 

3. 

NSE 

.170 

NSEIS 

3.310 

NSEEATIO 

19.47! 

CROSS! 

4A.89J 

CROSS’ 

.035 

CROSS! 

2.649 

CR0SS4 

2.034 

CR0SS5 

152.523 

CR05S6 

.120 

RISO 

2584.007 

KSO 

.002 

NVARSQ 

9. 

RSOSQ 

.780 

CONTENTS  OF  CASE  NUNPER 

22 

SEONUN 

22. 

SUBFILE 

REGANAL 

CASK! 

1.0000 

RSO 

,99A 

RL 

50.841 

K 

0 

NVAR 

3. 

NSE 

.109 

NSEIS 

.109 

NSERATIO 

1.000 

CROSS! 

SO.  A  JO 

CROS52 

0 

CR0SS3 

2.988 

CROSSI 

0 

CR0SS5 

152.523 

CR0SS6 

0 

RLSO 

2584.607 

KSO 

0 

NVARSQ 

9. 

RSOSQ 

.992 

CONTENTS  OF  CASE  NUNPER 

23 

SEOHUN 

23. 

SUPFItE 

REGANAL 

CftSHGT 

1.0000 

RS9 

.99A 

RL 

50.841 

K 

.015 

NVAR 

3. 

NSE 

.  016 

NSEIS 

.109 

NSERATIO 

4.812 

CROSS! 

50.A30 

CR0SS2 

.015 

CR05S3 

2.988 

CR05S4 

.  7A3 

CR0SS5 

152.523 

CROSSA 

.045 

RLSO 

2584.807 

KSO 

.000 

NVARSQ 

9. 

RSOSQ 

.992 

CONTENTS  OF  CASE  NUNPER 

24 

SEOMUN 

24. 

SUBFILE 

REOAIML 

CAGNGT 

1.0000 

PS9 

•  99A 

RL 

50.841 

K 

.020 

NVAR 

3. 

NSE 

,012 

NSEIS 

.109 

NSERATIO 

9.033 

CROSS! 

50.A38 

CR0SS2 

.020 

CROSS! 

2.988 

CRPSS4 

1.017 

CR0SS5 

152.523 

CROSSA 

.060 

RLSO 

2504. R07 

KSO 

.000 

NVARSQ 

9. 

RSQSQ 

.992 

CONTENTS  OF  CASE  NUNPER  25 


SEONUN 

25. 

SUBPILE 

REGANAL 

CASNGT 

1.0000 

RSQ 

.996 

RL 

50.841 

K 

.040 

NVAR 

3. 

NSC 

.007 

ms 

.109 

NSERATIO 

15.571 

CROSSI 

50.653 

CR0S32 

.0(0 

CS0SS3 

2.988 

CF0SS4 

2.034 

CR0SS5 

152.573 

CROSSA 

.120 

RCSO 

2504. e07 

KSO 

.002 

NVARSQ 

9. 

RSQSQ 

.992 

CONTENTS  OF  CASE  NUHBER 

2A 

SEONUN 

2A. 

SUBFILE 

REGANAL 

CASNGT 

1.0000 

RSQ 

.798 

RL 

8.342 

K 

0 

NVAR 

4. 

NSE 

1.617 

N5LL5 

1.617 

NGFRATID 

1.000 

CROSSI 

A.A57 

CR0SS2 

0 

CROSS! 

1.192 

CPOS34 

0 

CR0SS5 

33.360 

CROSSA 

0 

RLSO 

A9.589 

ISO 

0 

NVARSQ 

16. 

RSQSQ 

.637 

CONTCNIS  OF  CASE  NUNPER 

27 

SEONUN 

27. 

SUGFILE 

REGANAL 

CASNGT 

1.0000 

RSQ 

.798 

RL 

8.342 

K 

.020 

NVAR 

4. 

NSE 

.854 

MSECS 

1.617 

NSERATIO 

1.893 

CROSSI 

A.A57 

CROSS? 

.01 A 

CROSSI 

3.192 

CR0SS4 

.167 

CR0SS5 

33.368 

CROSSA 

.080 

RLSO 

69.589  * 

KSO 

.000 

NVARSQ 

16. 

RSQSQ 

.637 

CONTENTS  OF  CASE  NUNPER 

28 

SEONUN 

20. 

SUBFILE 

REGANAL 

CASNGT 

1.0000 

RSQ 

.798 

RL 

8.342 

K 

.040 

NVAR 

4. 

NSE 

.588 

REELS 

1.617 

NSERATIO 

2.750 

CROSSI 

A.A57 

CR0SS2 

.032 

CR0SS3 

!.  192 

CR0SS4 

.334 

CRD535 

33.368 

CROSSA 

.160 

RLSO 

69.589 

KS9 

.00? 

NVARSQ 

16. 

RSOSQ 

.637 

CONTENTS  OF  CASE  NUNPER 

29 

SEONUN 

29. 

SUBFILE 

REGANAI. 

CASNGT 

1.0000 

RSO 

.829 

RL 

8.342 

K 

0 

NVAR 

4. 

NSE 

1.294 

N51 1  5 

1.294 

NSERATIO 

1.000 

CROSSI 

6.914 

CROSS? 

0 

CROSS! 

J.JIA 

CF05S4 

0 

CR0555 

33.368 

CROSSA 

0 

RLSO 

69.589 

KSO 

0 

NVARSQ 

16. 

RSOSO 

.687 

CONTENTS  OF  CASE  NUNPER 

30 

SEONUN 

30. 

SUBFILE 

REGANAL 

CASNGT 

1.0000 

RSQ 

.829 

RL 

8.342 

r 

.020 

NVAR 

4. 

NSE 

.684 

NPCI  S 

1.294 

NSERATIO 

1.092 

CROSSI 

A. 916 

CR05S2 

.017 

CROSS! 

3.3IA 

CFCSS4 

.167 

CR0SS5 

33.368 

CROSSA 

.000 

RLSO 

69.589 

ISO 

.000 

NVARSQ 

16. 

RSOSO 

.687 

T 


COIIUNTS  OF  CASE  NUMFER  '  31 


5E0NUN 

31. 

subfile 

REGAMAL 

CASXGT 

1.0000 

RSO 

.829 

RL 

8.34? 

K 

.040 

N'.'AR 

4. 

USE 

.341 

KSEIS 

1.294 

KSFRATIO 

3.584 

CROSSl 

4.914 

CR0SS2 

.050 

CR0SS3 

3.314 

CF0SS4 

.501 

CR0SS5 

33.348 

CPQSS4 

.240 

RISO 

49.509 

KSO 

.004 

NVARSO 

14. 

RSQSB 

.487 

CONTENTS  OF 

CASE  NUNPER 

32 

SEDNUN 

32. 

sunriLE 

RCCA.'IAL 

CASXG1 

1.0000 

RSO 

.931 

Rl 

8.34? 

K 

0 

NVfiR 

4. 

KSE 

.448 

XSEI5 

.448 

KSERATIO 

1.000 

CROSS! 

7.744 

CR0SS2 

0 

CR0SS3 

3.724 

CROSS  A 

0 

CR0SS5 

33.348 

CR0SS4 

0 

RISO 

49.589 

KSO 

0 

NVARSO 

14. 

RSOSO 

.847 

CONTENTS  OF  CASE  NUNPER 

33 

SEOHUN 

33. 

SUBFILE 

RESAHAl 

CASXGT 

1.0000 

RSO 

.931 

Rl 

8.342 

K 

.020 

►IVAN 

4. 

N5E 

.237 

KSELS 

.448 

KSERATIO 

1.890 

CROSSI 

7.744 

CRCS32 

.019 

CR0SS3 

3.724 

CRDSS4 

.147 

CR0SS5 

33.348 

CROSS* 

.080 

RISO 

49.589 

KSO 

.000 

NVARSO 

14. 

RSOSO 

.847 

CONTENTS  OF  CASE  K'UHPER 

34 

SEQNUIT 

34. 

SUPFIlE 

REOAXAL 

CASXGT 

1.0000 

RSO 

.931 

RL 

8.34? 

y 

.040 

XV  AR 

4. 

HSE 

.124 

KSELS 

.448 

KSERATIO 

3.554 

CROSSl 

7.744 

CP0SS2 

.054 

CR03S3 

3.724 

CR0SS4 

.501 

CR0SS5 

33.  368 

CROSS* 

.240 

RLSO 

49.589 

KSO 

.004 

NVARSO 

14. 

RSOSO 

.847 

CONTENTS  OF  CASE  NUNPER 

35 

5E0NUN 

35. 

SUPFILE 

RE6AUAL 

CASXGT 

1.0000 

RSO 

.997 

Rl 

8.342 

K 

0 

NVAR 

4. 

PISE 

.018 

KSELS 

.019 

KSEPAT10 

1.000 

CROSSl 

8.317 

CR0SS2 

0 

CRQSS3 

3.968 

CR0SS4 

0 

CRPSS5 

33.348 

CROSS* 

0 

RLSO 

49.589 

KSO 

0 

KVARSO 

14. 

RSOSO 

.994 

CONTENTS  OF  CASE  HIIHBER 

34 

SECNUH 

36. 

SUPFILE 

reganh 

CASXGT 

1.0000 

RSO 

.997 

RL 

8.34? 

K 

.020 

NVAR 

4. 

XSE 

.010 

KSELS 

.018 

K5ERATID 

1 . 800 

CROSSl 

9.317 

CR0SS2 

.020 

CR0SS3 

3.988 

CP0SS4 

.147 

CRCSS5. 

33.340 

CROSS* 

.080 

RLSO 

49.589 

KSO 

.000 

NVARSO 

14. 

RSGSO 

.994 

CONTENTS  OF 

CASC  NUNPER 

37 

sconun 

37. 

SUBFILE 

RECANAL 

CASXGT 

1.0000 

RFO 

.997 

RL 

8.342 

y 

.040 

1IVAR 

4. 

KSE 

.007 

KSELS 

.010 

KSERATIO 

2.571 

CROSSl 

8.317 

CR0SS2 

.040 

CF.0SS3 

3.908 

CR0FS4 

.334 

CR0SS5 

33.348 

CROSS* 

.160 

RLSO 

49.539 

KSO 

,002 

NVARSO 

14. 

RSOSO 

.994 

CONTENTS  OF  CASC  NUNPER 

38 

SEON1IN 

38. 

SUPFILE 

REGAMAL 

CASUGT 

1.0000 

RSO 

.704 

RL 

7.63? 

i: 

0 

NVAR 

3. 

KSE 

1.490 

KSEl  S 

1.490 

KSERATIO 

I.OCO 

CROSSl 

5.373 

CROSS? 

0 

CR05S3 

2.11? 

CR05S4 

0 

CR0555 

22.B96 

CROSS* 

0 

RLSO 

58.247 

KSO 

0 

KVARSO 

9. 

RSOSO 

.496 

CONTENTS  OF  CAST  NUNPER  S’ 


SEONUK 

39. 

SUPFILE 

RFGAKAI 

CASXGT 

1.0000 

RSO 

.704 

RL 

7.63? 

K 

.005 

NVAR 

3. 

KSE 

1.445 

KSEl  S 

1.690 

KSERATIO 

1.170 

CROSSl 

5.373 

CG0SS2 

.004 

CR0SS3 

2.11? 

ERnSR4 

.030 

CRG5S5 

22.094 

CROSS* 

.015 

RLSO 

50.247 

ksa 

.000 

KVARSO 

9. 

RSOSO 

.496 

CONTENTS  OF  CASE  NUNPER 

40 

SEOIIUK 

40. 

SUPFIlE 

REGAiNOL 

CASXGT 

1.0000 

PSO 

.704 

Rl  1 

7.632 

K 

.020 

NVAR 

J. 

KSE 

1.008 

KSELS 

1.690 

KSERATIO 

1.677 

CROSSl 

5.373 

CR05S2 

.014 

CR05S3 

2.112 

crlt:4 

.153 

CPP3S3 

22.096 

CROSS* 

.060 

RLSO 

50.217 

ISO 

.000 

NVARSO 

9. 

RSOSO 

.494 
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1 


r 


COMTCNTS  OF  CASE  NUM8EP 

I  4| 

SEUNUN 

C 

CROSSI 

CROSS4 

41. 

.200 

5.373 

.400 

SUBFILE 

NOTH 

CROSS? 

RLSQ 

REGANAL 

3. 

.141 

59.247 

CASKGT 

USE 

CF05S3 

BSC 

1.0000 

.200 

2.11? 

.040 

RSQ 

NSELS 

CR0SS4 

NVARSB 

.704 

1.490 

1.524 

9. 

RL 

NSERAT10 

CR0SS5 

RSSS8 

7.432 

8.450 

22.896 

.494 

CONTENTS  OF  CASE  NUMBER 

42 

SEONUH 

K 

CROSS! 

CROSS!. 

42. 

0 

E.I3E 

0 

SUBFILE 

HVAR 

CROSS? 

RLSO 

REGANAL 

3. 

0 

59.247 

CASNGT 

MSE 

CK0SS3 

KSQ 

1.0000 

.951 

?.4I? 

0 

RSQ 

NSFLS 

CROSS* 

NVAR58 

.804 

.951 

0 

9. 

RL 

MSERA110 

CROSS' 

RSBSB 

7.632 

1.000 

22.896 

.646 

CONTENTS  OF  CASE  NUMBER 

43 

SEONUN 

K 

CROSSI 

CROSSE 

43. 

.005 

E.I3E 

.015 

SUBFILE 

SOAR 

CROSS? 

RLSO 

REGANAL 

3. 

.004 

58.247 

CAENGT 

NSE 

CR0SS3 

t!SO 

1.0000 

.813 

2.412 

.000 

RSQ 

MSCLS 

CROSS* 

NVARS8 

.804 

.951 

.039 

9, 

RL 

MSERATIO 

CR0SS5 

RSBSB 

7.432 

1.170 

22.894 

.646 

CONTENTS  OF  CASE  NUMBER 

44 

SEONUN 

K 

CROSSI 

CROSSE 

44. 

.020 

E.I3E 
•  OEO 

SUBTILE 

NVAR 

CR0SS2 

RLSO 

REGANAL 

3. 

.014 

59.247 

f.ASNST 

NSE 

CR0SS3 

m 

1.0000 

.567 

2.412 

.000 

RSQ 

MSCLS 

CROSS* 

NVARS8 

.804 

.951 

.153 

9. 

.  RL 

MSERATIO 
CR0SS5. 
RSBSB  ’ 

7.632 

1.677 

22.096 

.644 

CONTENTS  OF  CASE  NUNBER 

45 

SEONUN 

t 

CROSSI 

CROSSE 

45. 

.120 

E.I3E 

.340 

SUBFILE 

HVAR 

CR0SS2 

RLSO 

REGANAL 

3. 

.094 

59.247 

CAGN6T 

MSE 

CR0SS3 

KSQ 

1.0000 

.180 

2.412 

.014 

RSQ 

NSELS 

CROSS* 

NVARSB 

.804 

.951 

.916 

9. 

RL 

MSERAIIO 

CR0SS5 

RSBSB 

7.432 

5.283 

22.894 

.646 

CONTENTS  OF  CASE  NUNBER 

46 

SEONUN 

K 

CROSSI 

CROSSE 

44. 

0 

4.860 

0 

SUBFILE 

HVAR 

CR0SS2 

RLSO 

REGANAL 

3. 

0 

58.247 

TASHGT 

HSE 

CR0SS3 

FSB 

1.0000 

.423 

2.700 

0 

rsb 

NSELS 

CR0SS4 

NVARSO 

.900 

.423 

0 

9. 

RL 

MSERATIO 

CR0SS5 

RSBSB 

7.632 

1.000 

22.894 

.810 

CONTENTS  OF  CASE  NUMBER 

47 

SEONUN 

K 

CROSSI 

CROSSE 

47. 

.020 

4.849 

.060 

SUBFILE 

HVAR 

CROSS? 

RLSO 

REGANAL 

3. 

.018 

58.247 

CASKGT 

HSE 

TRUSS! 

RSO 

I. 0000 
.252 
2.700 
.000 

RSQ 

NSELS 

CROSS* 

NVARSB 

.900 

.423 

.153 

9. 

RL 

MSERATIO 

CR05S5 

RSBSB 

7.632 

1.679 

22.896 

.810 

CONTENTS  OF  CASE  NUNBER 

*48 

SEONUN 

If 

CROSSI 

CROSSE 

48. 

.040 

4.059 

.120 

surriiE 

NVf.B 

CR0SS2 

RLSO 

REGANAL 

3. 

.034 

58.247 

CASKGT 

HSE 

CROSS! 

FSB 

1.0000 

.179 

2.700 

.002 

RSB 

T'SEIS 

CROSS* 

NVARSB 

.900 

.423 

.305 

9. 

R  l 

MSERAIIO 

CR0S55 

RSBSB 

7.632 

2.363 

22.896 

.810 

CONTENTS  OF  CASE  NUMBER 

49 

;  SEO.NUM 

K 

CROSSI 

CR0SS4 

49. 

0 

7.594 

0 

StIBFILC 

NVt'R 

CPCC52 

RLSO 

REGANAL 

3. 

58.247 

CASKGT 

MSE 

CFQSSJ 

RSB 

1.0000 
.01 7 
2.985 

0 

RS  0 

NSUS 

CF0SS4 

NVARSB 

.995 

.017 

0 

9. 

RL 

MSEFATIO 

CRDSS5 

RSBSB 

7.632 

1.000 

22.B96 

.990 

1 

1 

t 

» 

i 

I- 

[  CONTENTS  OF  CASE  NUMBER 

50 

l 

SEONUN 

r 

CROSSI 

CR0SS6 

50. 

.020 

7.594 

.060 

SUI  T  HE 
NVAR 
CF.0SS2 
RLSO 

REGANAL 

3. 

.070 

33,247 

CASKGT 

MSE 

CR0SS3 

ISO 

1.0000 

.CIO 

2. 905 
.000 

RSB 

NSELS 

CROSS* 

NVARSO 

.995 

.017 

.153 

9. 

RL 

HSERATIO 

CP05S5 

RSOSO 

7.632 

1.700 

22.896 

.990 

i 

| 

L 


EDN1EM1S  OF  CASE  NUMBER  51 

SEONUN 

51. 

SUFFICE 

l 

.040 

NVAR 

CROSS 1 

2.594 

CR0SS2 

CR0SS4 

.120 

RISO 

CONTENTS  OF  CASE  NUMBER 

1  5? 

seonun 

52. 

SUBFILE 

r 

0 

NVAR 

CROSS) 

I.27B 

CF0SS2 

CROSS* 

0 

RISO 

CONTENTS  OF  CASE  NUMBER 

53 

SEONUN 

53. 

SUBFILE 

1 

.040 

NVAR 

CROSS  1 

1.279 

CRCSS2 

CR0SS6 

.160 

RE  SO 

CONTENTS  OF  CASE  NUMBER 

54 

SEONUK 

54. 

SUBFILE 

1! 

.120 

NVAR 

CROSS! 

1.278 

CR0SS7 

CRDSS6 

.480 

RISO 

CONTENTS  OF  CASE  NUMBER 

55 

SEONUN 

55. 

subfile 

1 

.380 

NVAR 

CROSS  1 

1.278 

CR0SS7 

CR0SS4 

1.520 

RLSO 

CONTENTS  OF  CASE  NUMBER 

56 

SEONUK 

56. 

SUBFILE 

1 

0 

NVAR 

CROSS! 

1.395 

cross7 

CROSSA 

0 

RISO 

CONTENTS  OF  CASE  NUMBER 

57 

SlfillJB 

57. 

subfile 

1 

.0*0 

NVAR 

CROSS  1 

1.395 

CRQSS2 

CROSS! 

.160 

RLSO 

CONTENTS  OF  CASE  NUMBER 

58 

SEONUN 

58. 

SUBFILE 

r 

.000 

NVAR 

CROSS  1 

1.395 

CR0S32 

CROSSA 

.320 

RLSO 

CO'linuS  OF  CASE  NUMBER 

59 

SEONl'M 

59. 

SUFFICE 

r 

0 

NVAR 

CROSS l 

1.524 

CRPSS7 

CROSSA 

0 

RLSO 

CONTI NTS  OF  CASE  NUMBER 

60 

SEONUN 

60. 

SUBFILE 

r 

.040 

NVAR 

CROSS  1 

1.524 

CR0SS2 

CROSSA 

.160 

RI.SO 

PE6ANAL 

3. 

.010 

50.217 


RE6ANAL 

1. 

0 

2.359 

REGANAt 

1. 

.033 

2.359 


regamal 

1. 

.100 

2.359 


RE6ANAL 

4. 

.314 

2.359 


KE6AMA1. 

4. 

0 

7.359  • 


RE6ANAL 

4. 

.036 

2.359 


RE6ANAL 

4. 

.073 

2.359 


REGAHAL 

4. 

0 

2.359 


REGAIIAl 

4. 

.040 

2.359 


CASNGT 

MSE 

CROSS! 

iso 

1.0000 

.008 

2.9G5 

.002 

aso 

MSECS 

CRQSS4 

NVARSO 

.995 

.01? 

.305 

9. 

Rl 

MSCRA1I0 

CA0SS5 

RS3S0 

7.432 

2.125 

22.096 

.990 

CASKS! 

NSC 

CROSS! 

use 

1.0000 

.090 

3.378 

0 

R53 

MSECS 

CF0SS4 

NVARSO 

.832 

.090 

0 

16. 

Rl 

NSE0.A1 10 

CR05S5. 

RSOSO 

1.536 

1.000 

6.144 

.692 

CASVfil 

MSE 

CROSS! 

ISO 

1.0000 

.082 

3.328 

.002 

PS9 

NSFLS 

CROSS* 

NVARSO 

.B32 

.090 

.061 

16. 

Rl 

NSEPAIIO 

CR0SS5 

RSOSO 

1.536 

1.098 

6.144 

.692 

CASKS! 

MSE 

CROSS! 

ISO 

1.0000 

.084 

3.328 

.014 

RSO 

MSECS 

CROSS* 

NVARSO 

.832 

.090 

.184 

16. 

RL 

MSEPAT10 

CR05S5 

RSOSO 

1.534 

1.047 

6.144 

.692 

CASNGT 

MSE 

CROSS! 

ISO 

1.0000 

.154 

3.378 

.144 

RS3 

MSCLS 

CROSS* 

IIVARSS 

.832 

.090 

.584 

16. 

RL 

NSERAT10 

CR05S5 

RSOSO 

1.534 

.504 

6.144 

.697 

caskst 

MSF 

CROSS! 

ISO 

1.0000 

.044 

3.632 

0 

RSB 

NSFLS 

CROSS* 

NVARSO 

.900 

.044 

0 

16. 

RL 

HSERAT10 

CR0SS5 

RSOSO 

1.534 

1.000 

6.144 

.824 

CASNGT 

MSE 

CROSS! 

ISO 

i  .mo 

,04  2 
3.432 
.002 

RS3 

KSELS 

CROSS* 

NVARSO 

.908 

.044 

.061 

16. 

RL 

K'SERAIIO 

CRD5S5 

RSOSO 

1.536 

1.048 

6.144 

.824 

CftSHST 

MSE 

CROSS! 

ISO 

1.0000 

.047 

3.432 

.004 

RS3 

MSE1S 

CROSS* 

NVARSO 

.908 

.044 

.123 

16. 

Rl 

HSCrAtIO 

CR0SS5 

RC0S3 

1.534 

.934 

4.144 

.824 

CASNGT 

MSE 

CROSS! 

ISO 

1.  0000 
.004 
3.968 

0 

RFO 

MSECS 

CROSS* 

NVAPSO 

.997 

.004 

0 

16. 

RL 

HSEEATIO 

CR0SS5 

RSOSO 

1.536 

1.000 

6.1*4 

.984 

CASNGT 

MSE 

fROSSJ 

ISO 

1.0000 

.007 

J.  968 
.007 

RSO 

MSCLS 

CFOSSI 

NVARSO 

.997 

.004 

.061 

16. 

Rl 

HSERATIO 

CR0SS5 

RSOSO 

1.536 

.571 

6.144 

.984 

78 


1 


COWTCNIS  Of  CASE  NUHPER  41 


SEBNUN 

K 

CROSS! 

CR0SS6 

41. 

.100 

1.524 

.400 

siipritE 

IIVAT! 

C60SS2 

RLSB 

RESANAl 

4. 

.09? 

2.359 

CA5NGT 

HSE 

CR0SS3 

peso 

1.0000 

.021 

3.968 

.010 

RSO 

was 

CP0SS4 

NVARSO 

.??? 

.004 

.154 

14. 

Rl 

HSERATIO 

CR0SS5 

flSQSQ 

1.534 

.190 

4.144 

.984 

COflUNIS  Of  CASE  HUHPER 

6? 

SEBIIUN 

K 

CROSS! 

CRQSS4 

42. 

0 

1.744 

0 

SUfriLE 

N  VAR 

CR0SS2 

RLSO 

RESANAL 

3. 

0 

3.34? 

CASKS! 

HSE 

CR0SS3 

KSO 

1.0000 

.349 

2.043 

0 

RSO 

USEES 

cross* 

NVARSO 

.481 

.348 

0 

?. 

Rl 

HSERATIO 

CF.0SS5 

RSOSO 

1.B30 

1.000 

5.490 

.444 

CONTENTS  Of  CASE  NUHPER 

43 

SEONU7I 

r 

CROSS! 

CROSS4 

43. 

.040 

1.244 

.120 

St'i'f  ICE 
KVAR 
CR0SS2 
RLSO 

REGANAL 

3. 

.027 

3.34? 

CASKS T 

HSC 

CR0S53 

rso 

1.0000 

.201 

2.043 

.002 

RSO 

hseis 

CROSS* 

NVARSO 

.491 

.248 

.073 

?. 

PL 

HSEtATIO 

CR0SS5 

RSOSO 

1.830 

1.238 

5.490 

.444 

CONTENTS  Of  CASE  NUHPER 

44 

SEONUli 

K 

CROSS  1 
CROSSE 

44. 

.000 

1.244 

.240 

SlfPFIlE 

NVAR 

CR0SS2 

RISS 

RESANAL 

3. 

.054 

3.34? 

CASKS! 

HSE 

CR0SS3 

rso 

1.0000 

,237 

2.043 

.004 

RSO 

HSEIS 

CR0SS4 

NVARSO 

.481 

.349 

.144 

?. 

RL 

HSERATIO 

C90SS5 

RSOSO 

1.830 

1  ■  448 
5.490 

.444 

79 


CONTENTS  Of  CASE  NUMBER  71 


SE0HUI4 

71. 

SUBFILE 

RECANAL 

CASMT 

(.oooo 

RfS 

K 

.040 

NVAR 

3. 

NOE 

.004 

msfls 

CROSS) 

1.819 

CR0S52 

.040 

CR05S3 

2.9R2 

CR0S54 

CROSS* 

.120 

RLSO 

3.349 

(.'SO 

.002 

NVAHSO 

CONTENTS  Of  CASE  NUMBER 

72 

SF9NUN 

72. 

SUBFILE 

RECANAL 

CASXGT 

1.0000 

RSO 

K 

0 

NVAR 

2. 

MSE 

27.77? 

M5CLS 

CROESI 

*3.000 

CR0552 

0 

CR0SS3 

1.052 

CROSS  4 

CROSS* 

0 

RLSO 

14345.332 

ISO 

0 

NVARS8 

CONTENTS  Of  CASE  NUMBER 

73 

SCO HUH 

7J. 

SUBFILE 

RESANAL 

CASXGT 

1,0000 

RSO 

K 

.005 

NVAR 

2. 

MSE 

*.;?! 

N5ELS 

CROSS  1 

(3.000 

CR03S2 

.003 

CR0SS3 

1.052 

CR0SS4 

CROSS* 

.010 

RLSO 

14345.332 

XSO 

.000 

XVARSO 

CONTENTS  Of  CASE  NUMBER 

74 

SECNUM 

74. 

SU8F1EE 

RESANAL 

CASX6T 

1.0000 

RSO 

X 

.010 

NVAR 

2. 

MSE 

2.691 

MSELS 

CR0SS1 

*3.000 

CR05S2 

.005 

CR0SS3 

1.05? 

CR0SS4 

CROSS* 

.020 

RLSO 

14345.332 

XSO 

.000 

NVARSO 

CONTENTS  Of  CASE  NUMBER 

75 

scum 

75. 

SUBfILE 

RESANAL 

CASXC7 

1.0000 

RSO 

x 

.025 

NVAR 

2. 

MSE 

.825 

MSELS 

CROSS! 

63.000 

CR0SS2 

.013 

CR0SS3 

1.03? 

CR0SS4 

CROSS* 

.050 

RLSO 

14345.332 

XSO 

.001 

NVARSO 

CONTENTS  Of  CASE  NUMBER 

76 

SCQNUH 

7*. 

SUBFILE 

RESANAL 

CASN6T 

1.0000 

RSO 

K 

0 

NVAR 

2. 

NSE 

9.998 

MSEIS 

CROSSI 

89.110 

CR0SS2 

0 

CR0SS3 

1.488 

CROSS* 

CR0S56 

0 

RLS8 

14345.332 

XSO 

0 

NVARSO 

CONTENTS  Of  CASE  NUMBER 

77 

SEONUM 

77. 

SUBFILE 

RESANAL 

CASNCT 

1.0000 

RSO 

X 

.015 

NVAR 

2. 

MSE 

.414 

MSELS 

CROSS! 

89.110 

CR0SS2 

.Oil 

CR0SS3 

1,488 

CF0SS4 

CROSS* 

.030 

RLSO 

14345.332 

XSO 

.000 

NVARSO 

CONTENTS  OF  CASE  NUMBER 

78 

SEONUM 

78. 

SUBFILE 

RECANAL 

CASNCT 

1.0000 

RSO 

X 

.030 

NVAR 

2. 

I.Sf 

.228 

N5E1S 

CROSS  I 

89.110 

CR0SS2 

.022 

CF.0SS3 

1.438 

CROSS  4 

CROSS* 

.040 

RISO 

14345.332 

XSO 

.001 

NVARSO 

CONTENTS  Of  CASE  NUMBER 

79 

SEONUM 

79. 

subfile 

RESANAL 

CASNGT 

t.OOAO 

RSO 

X 

.040 

NVAR 

2, 

MSE 

.115 

MSELS 

CROSSI 

89.110 

CROSS? 

.030 

CR0553 

1.188 

CR8SS4 

CROSS* 

.000 

RLSO 

14345.332 

XSO 

.00? 

NVARSO 

CONTENTS  OF  CASE  NUMBER 

80 

SEONUM 

80. 

susriiE 

RECAN'Al 

CAMGT 

1.0000 

RSO 

X 

0 

NVAR 

2. 

NSE 

3.402 

NS, CIS 

CROSSI 

104.954 

CR0CS2 

0 

CPC5S3 

1.784 

CRASS  4 

CROSS* 

0 

RLSO 

14345.332 

XSO 

0 

NVARSO 

.994  Rl  1.070 

.004  H3FRATI0  1.000 

.073  CR0SS5  5.400 

0.  RSOSO  .968 


•  524  Rl  (19.77? 

27.77?  NSERAIIO  1.000 


0 

CR0S55 

239.544 

4. 

RSQSO 

.277 

.524 

*1 

119.772 

27.77? 

MSEPAT10 

4.4*4 

.599 

CR0SS5 

239.544 

4. 

RSO  SO 

.277 

.52* 

Rl 

119.772 

27.772 

NSERAIIO 

9,404 

1.198 

CR0SS5 

239.5*4 

4. 

RSOSO 

.277 

.52* 

Rl 

119.772 

27.772 

NSERAIIO 

33.463 

2.994 

CR0SS5 

239.5** 

4. 

RSOSO 

.277 

.744 

RL 

119.772 

9.998 

M5EPAT10 

l.COO 

0 

CRQSS5 

239.5*4 

4. 

RSOSO 

.554 

.744 

RL 

119.772 

0.998  HSERAT10  14.763 

1.997  CR0SS5  239.544 

4.  W  OSO  .534 


Rl  119.772 

9.998  NSERAIIO  43.B5I 

3.593  CROS55  239.544 

4.  RSOSB  .554 


•944  Rl  1)9.772 

9.998  NSERAIIO  84.939 

4.991  CRDSS5  239.544 

<•  RSOSO  .554 


■893  Rl  119.77? 

3.40?  NSERAIIO  1.000 

0  CR0SS5  239.544 

4.  RSOSO  .797 


80 


bRtfiMliSa 


CQMTENTS  OF  CASE  KUMBER  01 


SEONUN 

K 

81. 

.SIS 

SUBFILE 

mo 

RE6ANAL 

2 

CASNGT 

USE 

CR0SS3 

XSO 

1.0000 

RSD 

.893 

Rl 

119.772 

CROSSI 

CROSS* 

104.954 

.030 

CRQCS2 

RlSQ 

.0)3 

14345.33? 

.209 

1.734 

.000 

NSLL5 
CROSS 4 
NVARSO 

3.402 

1.797 

4. 

HSEBAUO 

CR05S5 

RSOSO 

14.278 

239.544 

.797 

CONTEXTS  OF  CASE  NUMBER  82 

SEONUN 

r 

82. 

.030 

SUBFILE 

Nl'AR 

REGANAl 

2 

CASKS! 

NSC 

CR00S3 

XSO 

1.0000 

RSO 

.893 

RL 

119.772 

CROSS! 

CROSS* 

104.954 

.040 

CR0S32 

RLS8 

.027 

14345.332 

.078 

1.704 

.001 

HSELS 

CR0SS4 

NVARSO 

3.402 

3.593 

4. 

HSEPATIO 

CR0SS5 

RSOSO 

43.413 

239.344 

.797 

CONTENTS  OF  CASE  NUMBER  8J 

SESNUN 

X 

83. 

.045 

SUBFILE 

nm 

REGANAl 

2 . 

CASNGT 

NSE 

CR0SS3 

XSO 

1.0000 

RSO 

.89! 

Rl 

119.772 

CROSS! 

CROSS* 

104.954 

.090 

CR05S2 

RLSO 

.040 

14345.332 

.044 
t.  784 
.002 

KStlS 

CR0SS4 

NVARSO 

3.402 

5.390 

4. 

HSERATIO 

CR0SS5 

RSOSO 

77.318 

239.544 

.797 

CONTENTS  Of  CASE  NUMBER  84 

SESNUN 

K 

CROSS! 

CR0SS4 

84. 

0 

118.574 

0 

SUBFILE 

NVAR 

CR0SS2 

Rise 

RESANAL 

?. 

0 

M345.33? 

CASN6T 

NSE 

CROSS! 

XSO 

1.0000 

.278 

1.980 

0 

RSO 

HSELS 

CR05S4 

NVARSO 

.990 

.278 

0 

4. 

RL 

HSERATIO 

CR0SS5 

RSOSO 

119.772 

1.000 

239.344 

.980 

CONTENTS  OF  CASE  NUMBER 

1  85 

SESNUN 

X 

CROSS! 

CP0SS4 

85. 

.010 

118.574 

.020 

SUBFILE 

NEAR 

CR0S52 

RLSO 

RESANAL 

2. 

.010 

I4J4J.332  1 

CASNGT 

NSC 

CROSS! 

XSO 

1.0000 

.017 

1.980 

.000 

RSO 

HSELS 

CROSS* 

NVARSO 

.990 

.278 

1.198 

4. 

RL 

HSERATIO 

CR0SS5 

RSOSO 

119.772 

14.353 

239.544 

.980 

CONTENTS  OF  CASE  NUMBER 

84 

SESNUN 

X 

CROSS! 

CR0SS4 

84. 

.025 

118.574 

.030 

SUBFILE 

NVAR 

cross? 

RTSS 

REEANAL 

2. 

.025 

H345.332 

CASNGT 

HSE 

CROSS! 

XSO 

1.0000 

.007 

1.930 

.001 

RSO 

HSELS 

CR0SS4 

NVARSO 

.990 

.278 

2.994 

4. 

RL 

HSERATIO 

CR0S55 

RSOSO 

119.772 

30.039 

239.544 

.980 

CONTENTS  OF  CASE  NUMBER 

87 

SEONUH 

X 

87. 

.040 

SUBFILE 

NVAR 

RE  6  AN  At 

2 

CASNGT 

MSE 

CROSS! 

XSO 

1.0000 

RSO 

.990 

RL 

119.77? 

CROSS! 

CR03S4 

110.574 

.080 

CROSS? 

RLSO 

.040 

14345.332 

.005 

1.900 

.007 

HSUS 

CR0S54 

NVARSO 

.278 

4.791 

4. 

HSERATIO 

CR0SS5 

RSOSO 

55.400 

239.544 

.980 

CONTENTS  OF  CASE  NUMBER 

08 

5E0HUH 

X 

CROSSI 

CR0SS4 

88. 

0 

9.934 

0 

SOPHIE 

NVAR 

CROSS? 

RLSO 

REGANAL 

2. 

0 

190.204 

CASNGT 

MSE 

CROSS! 

XSO 

1.0000 

1.136 

1,480 

0 

RSO 

HSELS 

CR0S54 

NVARSO 

.740 

1.134 

0 

4. 

Rl 

HSERATIO 

CR0SS5 

RSOSO 

13.424 

1.000 

24.848 

.548 

CONTENTS  OF  CASE  NUMBER 

89 

SESNUN 

X 

CROSSI 

CR0SS4 

89. 

.005 

9.934 

.010 

SUBFILE 

NVI'P 

CROSS? 

RLSO 

RERMAL 

?. 

.004 

180.204 

CASNGT 

NSE 

CROSS! 

XSO 

i.oooo 

,C80 

1.480 

.000 

RSO 

nsris 

CP0534 

NVARSO 

.740 

0.134 

.047 

4. 

Rl 

HSERATIO 

CR0SS5 

RSOSO 

13.424 

1.291 

24.849 

.548 

CONTENTS  OF  CASE  NUMBER 

90 

SEONUN 

X 

90. 

.023 

5UPFIII 

NVAR 

RCGANAt 

2. 

CASirsf 

1.0900 

RSO 

.740 

Rl 

13.424 

CROSSI 

CR0S54 

9.934 

.030 

CROSS? 

RLSQ 

.  019 
180.204 

CROSS! 

XSO 

.435 

T.  450 
.001 

MSILS 

CR0SS4 

NVARSO 

1.134 

.334 

4. 

HSERATIO 

err  '55 

RSOSO 

2.411 

24.848 

.548 
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CONTENTS  OF  COSE  MUMPER  9| 


SEONUN 

91. 

SUFFICE 

REGAIIAL 

CASttGI 

( 

.040 

HOAR 

2. 

HSE 

CROSS  1 

9.934 

CR0SS2 

.030 

CROSS! 

CROSS* 

.080 

RLSO 

190.204 

KSO 

CONTENTS  OF  CASE  MUMPER 
SEONUN  95. 

1  92 

SUFFICE 

REBANAC 

CASNGT 

r 

0 

NVAR 

2. 

AGE 

CROSS! 

11.585 

CR0SS2 

0 

CROSS! 

CROSS* 

0 

RLSO 

180.204 

KSO 

CONTENTS  OF  CASE  HUNGER 
SEONUN  93. 

93 

SUFFICE 

RE6ANAC 

CASNGT 

K 

.005 

NVAR 

2. 

RSE 

CROSS! 

11.585 

CR0SS3 

.004 

CROSS! 

CROSS* 

.010 

RCSO 

180,204 

KSO 

CONTENTS  OF  CASE  NUMBER 
SEONUN  9!. 

94 

suitncE 

REBANAC 

CASNGT 

K 

.020 

NVAR 

2. 

NSE 

CROSS! 

11.585 

CP0SS2 

.017 

CROSS! 

CROSS* 

.040 

RCSO 

180.204 

KSO 

CONTENTS  OF  CASE  NUMBER 
SEONUN  95. 

95 

SUBFILE 

reganac 

CASNGT 

r 

.040 

NVAR 

2. 

HSE 

CROSS! 

11.585 

CR0SS2 

.035 

CROSS! 

CROSS* 

.080 

RCSO 

180.204 

KSO 

CONTENTS  OF  CASE  MUMPER 

9* 

• 

SEOII'JN 

9*. 

StlPC  ICE 

BESAHAC 

CASNGT 

r 

0 

NVAR 

2. 

NSE 

CROSS 1 

13.590 

CK0SS2 

0 

CROSS! 

CR05S4 

0 

RLSO 

190.204 

KSO 

CONTENTS  OF 
SCQN'JN 

CASE  NUNPER 
97. 

97 

SU3f ICE 

RESfMAl 

CASNGT 

r 

.005 

NVAR 

2. 

HSE 

CROSS! 

13.590 

CROSS? 

.005 

CROSS! 

CROSS* 

.010 

RCSO 

180.204 

KSO 

CONTENTS  OF 
SEONUN 

CASE  NUNPER 
98. 

98 

SUBTILE 

REEAHAC 

CASNGT 

It 

.015 

NVAR 

2. 

NSC 

CROSS! 

13.290 

CROSS? 

.015 

CROSS! 

CROSS* 

.030 

RIS9 

180.204 

KSO 

CONTENTS  OF 
SEONUN 

CASE  NUMBER 
99. 

99 

SUBFILE 

REGANAC 

CASNGT 

K 

.050 

NVAR 

2. 

HSE 

CROSS! 

13.290 

CP0SS2 

.030 

CROSS! 

CR05S* 

.0*0 

RCSO 

100.704 

KSO 

CONTENTS  Of  CASE  NUNPER 
SEONUN  IOO. 

100 

SUFFICE 

REGAIIAL 

CASNGT 

t! 

0 

NVAR 

2. 

HSE 

CROSS! 

1.5*8 

CROSS? 

0 

CROSS! 

CROSS* 

0 

RLSO 

4.822 

KSO 

1.0000 

RSO 

.740 

RC 

13.424 

.273 

N5ILS 

1.13* 

HSERATIO 

4.1*1 

1.400 

CT05S4 

.537 

CR0SS5 

2*. 648 

.002 

NVARSO 

4. 

RSfiSS 

.548 

1.0000 

RSO 

.8*3 

RC 

13.424 

.505 

HSECS 

.505 

HSERATIO 

1.000 

1.72* 

CR0SS4 

0 

CR0SS5 

2*. 819 

0 

NVARSO 

4. 

RSDS0 

.745 

1.0000 

RSO 

.8*3 

RC 

13.424 

.391 

HSCLS 

.505 

HSEPATIO 

1.29? 

1.72* 

CR0SS4 

.0*7 

CR0SS5 

2*. 848 

.000 

NVARSO 

4. 

RSOSO 

.745 

1.0000 

RSO 

.8*3 

RC 

13.424 

.224 

NSELS 

.505 

HSERATIO 

2.254 

1.72* 

CR0SS4 

.2*8 

CR0SS5 

24.P48 

.000 

NVARSO 

4. 

RSOSO 

.745 

1.0000 

RSO 

.8*3 

RC 

13.424 

.155 

HSECS 

.505 

HSEPATIO 

3.741 

1.72* 

CR03S4 

.537 

CP0SS5 

26.948 

.002 

NVARSO 

•  4. 

RSOSO 

.745 

1.0000 

RSO 

.990 

RC 

13.424 

.032 

NSELS 

.052 

HSEPATIO 

1.000 

1.980 

CR0SS4 

0 

CR05S5 

26.8*8 

0 

NVARSO 

4. 

RSOSO 

.980 

1.0000 

RSO 

.990 

RC 

13.424 

.025 

MSECS 

.032 

HSERATIO 

1.280 

I.9B0 

CROSS! 

.067 

CR0SS5 

24.848 

.000 

NVARSO 

4. 

RSOSO 

.980 

1.0000 

RSO 

.990 

RL 

13.424 

.017 

MSECS 

.032 

NSERATIO 

1.882 

1.980 

CROSS! 

.201 

C805S5 

24.8*8 

,000 

NVARSO 

4. 

RSOSO 

.980 

I.OA'V) 

RSO 

.990 

RL 

13.424 

•  Oil 

HSECS 

.033 

HStRftl 10 

2.909 

1.900 

CROSS* 

.403 

CR0SS5 

2*.e49 

.00! 

NVARSO 

4. 

RSOSO 

.980 

1.0000 

RSO 

.714 

RL 

2.194 

.194 

Hsas 

.194 

HSERATIO 

1.000 

1.428 

CROSS! 

0 

CR0SS5 

4.392 

0 

NVARSO 

4. 

RSOSO 

.510 

u 

u 
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CONTENTS  OF  CASE  NUMBER  101 


seonun 

101. 

SUBFILE 

RE6ANAL 

CASNGT 

1.0000 

RSQ 

.714 

RL 

2.I9E 

X 

.005 

NVAR 

2. 

NSE 

.187 

REELS 

.194 

MSERA1I0 

1.037 

CROSS) 

I.5E9 

CR0SS2 

.004 

CROSS! 

1.428 

CR0SS4 

.Oil 

CROSS! 

4.392 

CROSSE 

.010 

RLSO 

4.622 

xse 

.000 

NVARSO 

4. 

RSOSO 

.510 

CONTENTS  OF  CASE  NUMBER 

102 

SEONUN 

102. 

SURF IlE 

RESANAL 

CASNGT 

1.0000 

RSQ 

.714 

RL 

2. 196 

X 

.020 

NVAR 

2. 

MSE 

.170 

MSELS 

.194 

MSERATIO 

1.141 

CROSS! 

I.5E8 

CR03S2 

.014 

CROSS! 

1.428 

CROSSl 

.044 

CROSS! 

4.392 

CROSSE 

.040 

RLSO 

4.822 

xso 

.000 

NVARSO 

1. 

RSOSO 

.510 

CONTENTS  Of  CASE  NUMBER 

103 

SEONUN 

103. 

SUBFILE 

RESANAL 

CASNGT 

1.0000 

RSQ 

.714 

RL 

2.190 

X 

.040 

NVAR 

2. 

MSE 

.151 

MSELS 

.194 

MSERATIO 

1.285 

CROSSl 

I.5E8 

CR0SS2 

.029 

CROSS! 

1.423 

CR0SS4 

.088 

CRDSS5 

4.392 

CROSSE 

.080 

RLSO 

4.B22 

XSO 

.002 

NVARSO 

4. 

RSOSO 

.510 

CONTENTS  OF  CASE  NUMBER 

104 

SEONUN 

104. 

SUBFILE 

RESANAL 

CASNST 

1.0000 

R50 

.780 

RL 

2.194 

X 

0 

NVAR 

2. 

MSE 

.135 

MSELS 

.135 

MSERATIO 

1.000 

CROSSl 

1.7)3 

CR0SS2 

0 

CR0SS3 

1.5E0 

CROSSl 

0 

CROSS! 

4.392 

CROSSE 

0 

RLSO 

4.822 

XSO 

0 

NVARSO 

4. 

RSQSQ 

.608 

CONTENTS  OF  CASE  NUMBER  105 


SEQHUM 

105. 

SUBFILE 

REGANAL 

CASNGI 

1.0000 

RSO 

.780 

RL 

2.196 

X 

.005 

NVAR 

2. 

MSE 

.130 

MSFLS 

.135 

MSERATIO 

1.078 

CROSSl 

1.713 

CR0SS2 

.004 

CR0SS3 

1.560 

CROSSl 

.on 

CROSS! 

4.392 

CROSSE 

.010 

RLSO 

4.822 

XSO 

.000 

NVARSO 

I. 

RSOSO 

.60B 

CONTENTS  OF  CASE  NUMBER 

106 

StCNUN 

IDE. 

SUBFILE 

RECANAL 

CASNGT 

i. oooo 

RSQ 

.780 

RL 

2.196 

X 

.015 

NVAR 

2. 

MSE 

.122 

MSELS 

.135 

MSERATIO 

1.107 

CROSSl 

1.713 

CR0SS2 

.012 

CROSS! 

1.560 

CROSSl 

.033 

CRDS55 

4.392 

CROSSE 

.030 

RLSO 

4.822 

XSO 

.000 

NVARSO 

1. 

RSOSO 

.408 

CONTENTS  OF  CASE  NUMBER 

107 

SEQHUM 

107. 

SUBFILE 

REGANAL 

CASNST 

1.0000 

RSO 

.780 

RL 

2.196 

X 

.035 

NVAR 

2. 

MSE 

.108 

MSELS 

.135 

MSERATIO 

1.250 

CROSSl 

1.71! 

CR0SS2 

.027 

CROSS! 

1.560 

CR0S54 

.077 

CR0SS5 

4.392 

CROSSE 

.070 

RLSO 

4.322 

XSO 

.001 

NVARSO 

4. 

RSOSO 

.408 

CONTENTS  OF  CASE  NUMBER 

108 

SE8IIUH 

108. 

SUBFILE 

REGANAL 

CASNGT 

1.0000 

RSO 

.906 

RL  . 

2.196 

X 

0 

NVAR 

2. 

MSE 

.049 

MSELS 

.049 

MSERATIO 

1.000 

CROSSl 

1.990 

CR0SS2 

0 

CR0SS3 

1.812 

CROSSl 

0 

CR0SS5 

4.392 

CROSSE 

0 

RLSO 

4.822 

XSO 

0 

NVARSO 

4. 

RSOSO 

.021 

CONTENTS  OF  CASE  NUMBER 

109 

SEQHUM 

109. 

SUBFILE 

REGANAL 

CASNGT 

1.0000 

RSO 

.906 

RL 

2.196 

X 

.010 

NVAR 

2. 

MSf 

.015 

MSELS 

.019 

MSERATIO 

1.089 

CROSSl 

1.990 

CR0SS2 

.009 

CROSS! 

1.812 

CROSSl 

.022 

CROSS! 

4.392 

CROSSE 

.020 

RLSO 

4.822 

XSO 

.000 

NVARSO 

4. 

RSOSO 

.821 

CONTENTS  OF  CASE  NUMBER 

110 

SEONUN 

no. 

SUBFILE 

REGANAL 

CASNST 

1.0000 

RSO 

.906 

RL 

2.196 

X 

.025 

NVAR 

2. 

MSE 

.041 

MSELS 

.049 

MSERATIO 

1.195 

CROSS! 

1.990 

CRQ3S2 

.023 

CR0SS3 

1.812 

CROSS! 

.055 

CR0SS5 

1.392 

CROSSE 

.050 

RLSO 

4.822 

XSO 

.001 

NVARSO 

1. 

RSOSO 

.821 
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COtUEHTS  Of  CASE  IWHPER 
SEONUII  HI. 

K  .045 

CROSSI  1.940 

CROSS*  .090 

CONTENTS  Of  CASE  NUMBER 
SEBNUB  ||2. 

•'  o 

CROSS!  2.172 

CROSS*  0 

CONTENTS  Of  CASE  NUMBER 
SEONUH  ||3. 

*  .005 

CROSS!  2.172 

CROSS*  .010 

CONTENTS  Of  CASE  RUBBER 
SEQNUfl  ||4. 

*  .020 

CROSS!  2.172 

CROSS*  .040 

CONTENTS  Of  CASE  NUMBER 
SEBNUB  US. 

K  .040 

CR0SS1  2.172 

CROSS*  .090 


114 

SUBFILE 
NVAR 
CR0SS2 
R LSI 

115 

SUBFILE 

NVAR 

CR0SS2 

mss 


REGANAL 

2. 

.041 

4.B22 


REGANAL 

2. 

0 

4.822 


REGANAL 

2. 

.005 

4.82? 


REGANAL 

2. 

.020 

4.822 


REGANAL 

2. 

.040 

4.82? 


EL 

mseratio 

CR0S55 

RSBSB 


SI 

MSERATIO 

CR0SS5 

RSBSB 


Rl 

MSERATIO 

CR0SS5 

RSBSB 


Rt 

MSERATIO 

CR0SS5 

RSBSB 


RL 

USERAMO 

CR0SS5 

RSBSB 


84 
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CONTENTS  Of  CASE  NUMBER  1 


SEomm 

1. 

SUBFILE 

RE6ANAL 

CASNGT 

1.0000 

RSQ 

.735 

RL 

3.174 

r 

0 

NVAR 

2. 

r,sc 

.25 9 

crus 

.259 

rSERAMO 

1.000 

CROSS! 

2.333 

CROSS? 

0 

CR0SS3 

1.470 

CROSS! 

0 

unsss 

A.  349 

CROSSA 

0 

Risa 

10.071 

rso 

0 

NVAR SO 

4. 

rsoso 

.540 

CONTENTS  Of  CASE  NUMBER 

2 

SEONUN 

2. 

SUPfILE 

REfANAl 

CASHGT 

1.0000 

R50 

.735 

Rl 

3.174 

I 

.005 

NVAR 

2. 

USE 

.245 

MSE  1 5 

.759 

HSE RATIO 

1.057 

CROSS! 

2. 333 

CR0SS2 

.POT 

CP0SS3 

1.470 

cars! 

•  OIA 

CRCSS5 

A. 348 

CROSSA 

.010 

RLSQ 

10.074 

ISO 

.000 

I.VARSQ 

4. 

Rstsa 

.540 

CONTENTS  Of  CASE  NUMBER 

3 

SEONUN 

3. 

SUSflLE 

REGANAL 

CASNGT 

1.0000 

RSO 

.735 

Rl. 

3.174 

K 

.030 

NVAR 

2. 

MSE 

.193 

nsus 

.259 

HSERATIO 

1.342 

CROSS! 

2.333 

CR0SS2 

.022 

CR0SS3 

1.470 

CROSS  4 

.095 

CRC1S35 

A. 348 

CROSSA 

.OAO 

RLSO 

10.074 

ISO 

.001 

NVARSO 

4. 

RSOSJ 

.540 

CCtllENIS  Of  CASE  NIMPER  4 


CEQIIIM 

4. 

subfile 

REGANAL 

CASNGT 

1.0000 

RSO 

.735 

RL 

3.174 

I 

.045 

NVAR 

2. 

NSC 

.171 

HSUS 

.759 

NSFPAT10 

1.515 

CROSS! 

2.333 

CRC3S2 

.033 

CRGSS3 

1.470 

CFP554 

.143 

ccnsss 

6.349 

CROSSA 

.090 

RLSO 

10.074 

ISO 

.092 

NVAR SO 

4. 

RSOSO 

.540 

CONTENTS  Of  CASE  NUMBER 

5 

SEQN’JM 

5. 

SUPfILE 

REGANAL 

CASNGT 

1.0000 

RSO 

.915 

CL 

3.174 

I 

0 

NVAR 

2. 

MSE 

.0A5 

K3EI S 

.065 

N5CRAT10 

1.000 

CROSS! 

2.904 

CR0SS2 

0 

CRGSS3 

i.830 

CFOS54 

0 

CR05S5 

6.3<9 

CR05SA 

0 

RLSO 

10.074 

ISO 

0 

NVARSO 

4. 

RSOSO 

.837 

CONTENTS  Of  CASE  CIINPER 

6 

crown 

A. 

SUE  f 1 1 E 

REGANAL 

CASNGT 

I . 0009 

RSO 

.915 

RL 

3.174 

I 

.005 

NVAR 

?. 

NSC 

.061 

HSUS 

.015 

KSERATIO 

1.066 

CROSS! 

7.9A4 

rR0SS2 

.005 

CE.0SS3 

I.P30 

CRps? 4 

.OIA 

CSDSS5 

6.348 

CROSSA 

.010 

RLSO 

10.074 

ISO 

.000 

NVARSO 

4. 

RSOSO 

.837 

CONTENTS  Of  CASE  NUMBER 

7 

SfONUN 

7. 

SUBFILE 

REGANAL 

CASNGT 

1.0000 

RSO 

.915 

RL 

3.174 

I 

.025 

NVAR 

2. 

USE 

.051 

was 

.065 

HSERATIO 

1.275 

CROSS! 

2.904 

CR.0SS2 

.023 

CR0SS3 

1.R30 

CROSS! 

.079 

CR05S5 

6.349 

CROSSA 

.050 

RLSO 

10.074 

ISO 

.00! 

NVARSO 

4. 

RSOSO 

.837 

CONTENTS  Of  CASf  NUMPER 

8 

SEONUM 

9. 

SUDFILE 

REGANAL 

CASNGT 

1.0000 

pcij 

.915 

RL 

3.174 

I 

.040 

NVAR 

7. 

MSE 

.015 

NSUS 

.065 

KSERATIO 

1.444 

CROSS! 

2.904 

CR05S2 

.037 

CFP0S3 

I.C3S 

rrnsN 

.177 

CR0SS5 

A.348 

CROSSA 

.090 

RLSO 

10.074 

ISO 

.002 

NVAR SO 

4. 

RSOSO 

.837 

CONTENTS  OF 
SEONUM 

CASC  NUMBER 
9. 

9 

suoriiE 

REGANAL 

CASNGT 

1 , 0009 

RSO 

.996 

RL 

3.174 

I 

0 

NVAR 

2. 

NSE 

.903 

Nrris 

.003 

HSERATIO 

1.000 

CROSS! 

3.1AI 

CR0SS2 

0 

CR0SS3 

1.992 

cars) 

0 

CR05S5 

A.348 

CROSSA 

0 

RLSO 

10.074 

ISO 

0 

NVARSO 

4. 

RSOSO 

.992 

CONTENTS  Of 
SEONUM 

CASE  NUMBER 
10. 

10 

SUR/ILE 

REGANAL 

CASNGT 

1.0000 

RSO 

.996 

RL 

3.174 

t 

.005 

NVAR 

7. 

NSE 

.007 

NSUS 

.003 

NSCRAT10 

1.500 

CROSS! 

3.IAI 

CR05S2 

.005 

CR0SS3 

1.992 

CROSS! 

.016 

CR0SS5 

6.349 

CROSSA 

.010 

RLSO 

10.074 

ISO 

,000  • 

NVARSO 

4. 

RSOSO 

.992 
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CONTENTS 

Of  CASE  NUMPER 

II 

SEBNUH 

!!. 

SUBFILE 

REGANAl 

CASKS! 

K 

.  030 

NVAR 

2. 

HSE 

CROSS! 

3.161 

CR03S2 

.030 

CR0SS3 

CROSS* 

.040 

RLSO 

10.074 

F.SO 

CONTENTS 

OF  COSE  WINDER 

12 

SECNUT1 

1?. 

SUBFILE 

REGANAL 

CASKGT 

F 

.  0R5 

NVAR 

2. 

NSE 

CROSSI 

3.141 

CR05S2 

.045 

CR0SS3 

CROSS* 

.090 

RLSO 

10.074 

KSB 

CONTENTS 

OF  COSE  NUMBER 

13 

5EBNUH 

13. 

SUBFILE 

REGAMAL 

CASKGT 

F 

0 

NVAR 

2. 

HSE 

CROSS! 

9.083 

CR0SS2 

0 

CR0SS3 

CROSS* 

0 

RLSO 

147.044 

KSB 

CONTENTS 

OF  CASE  NUMBER 

14 

SEONun 

14. 

SUPFltE 

REGANAL 

CASKS! 

t 

.005 

NVAR 

2. 

NSE 

CROSS! 

9.083 

CP0SS2 

.004 

CR0SS3 

CROSS* 

.010 

RLSS 

147.044 

CSS 

CONTENTS 

OF  CASE  NUMBER 

!5 

SEONUN 

15. 

SUBFILE 

REGANAL 

CASKGT 

F 

.020 

NVAR 

2. 

HSE 

CROSS! 

9.083 

CR0SS2 

.015 

CR0SS3 

CROSS! 

.040 

RLSS 

147.044 

l:S6 

CONTENTS 

OF  CASE  NUMBER 

14 

SEOMuN 

14. 

SUBFILE 

REGANAL 

CASKGT 

F 

.035 

NVAR 

2. 

HSE 

CROSS! 

9.083 

CR03S2 

.026 

CR0SS3 

CROSS! 

.070 

RL58 

147.044 

KSB 

CONTENTS 

Of 

CASE  NUMPER 

17 

SEOMUN 

17. 

SUBFIIE 

PEGANAL 

CASUOT 

F 

0 

NVAR 

2. 

M?E 

CROSSI 

11.157 

CROSS? 

0 

CR05S3 

CROSS! 

0 

RLSO 

147.064 

FSB 

CONTENTS 

OF 

CASE  NUMBER 

18 

SEBN'JN 

18. 

SU5EILE 

REGANAL 

CASKGT 

F 

.005 

NVAR 

7. 

HSE 

CROSSI 

11.157 

CR0S52 

.005 

CM3S3 

CROSS! 

.010 

RLSO 

147,044 

FSB 

CONTENTS 

OF 

CASF  NUMBER 

19 

SEONUN 

19. 

SMB!  HE 

REGAMAL 

CASKGT 

r 

.070 

NVAR 

2. 

CSC 

CROSS! 

11.157 

CRU5S2 

.018 

CS05S3 

CROSS! 

.040 

RLSO 

147.064 

FSB 

CCNTfNIS 

Of 

CASE  NtIHBER 

70 

SEONUN 

70. 

SUBFILE 

REGANAL 

CASKGT 

F 

.045 

NVAR 

2. 

NSE 

CROSSI 

11.157 

CR0SS2 

.041 

CI.0SS3 

CROSS! 

.090 

RLSO 

147.064 

FSB 

1.0000 

PS8 

.996 

Rl 

3.174 

.002 

HSELS 

.003 

HSERATIO 

1.500 

1.997 

CPC5S4 

.095 

CR0SS5 

6.348 

.001 

NVARSB 

4. 

RSBS8 

.99? 

1.0000 

RSQ 

.996 

RL 

3.174 

.003 

HSELS 

.003 

HSERATIO 

1.000 

1.99? 

CROSS! 

.143 

CR0SS5 

6.348 

.00? 

IIVARSO 

4. 

RSOSfl 

.99? 

0000 

RSO 

.749 

RL 

!?. I?7 

.950 

HSELS 

.950 

HSEPAUO 

1.000 

.498 

CROSS  4 

0 

CR0SS5 

?4. 254 

0 

NVARSB 

4. 

RSOSO 

.561 

1.0000 

RSO 

.749 

RL 

12.177 

.755 

HSELS 

.930 

HSERATIO 

1.258 

1.498 

CPUS' 1 

.061 

CP0SS5 

24.254 

.000 

NVARSB 

4. 

RSOSO 

.561 

1.0000 

RSO 

.749 

RL 

12.127 

.453 

HSELS 

.950 

HSERATIO 

2.097 

1.499 

CROSS! 

.243 

CR0SS5 

24.254 

.000 

NVARSB 

4. 

rsosb 

.561 

1.0000 

RSB 

.749 

RL 

12.127 

.313 

HSELS 

.950 

H'EPAno 

3.035 

1.499 

C'0354 

.424 

fD0SS5 

24.234 

.00! 

urns 

4. 

R5CE0 

.561 

1.0000 

RSO 

.920 

RL 

12.127 

.238 

HSELS 

.239 

HSERATIO 

1.000 

1.840 

CROSS! 

0 

CR0SS5 

24.254 

0 

NVARSB 

4. 

RSOSO 

.846 

1.0000 

RSB 

.920 

RL 

12.127 

.109 

HSEi  S 

.738 

HSEPAT10 

1.259 

1.840 

CB0534 

.061 

CR0SS5 

24.254 

.000 

NVARSB 

4. 

RSOSB 

.046 

1.0000 

RSQ 

.970 

RL 

12.127 

.114 

HEELS 

.770 

HSEPAUO 

2.089 

1.310 

CROSS! 

.243 

LR05S5 

24.254 

.000 

NVARSB 

4. 

RSOSO 

.846 

1.0000 

RSO 

.920 

PL 

17.177 

.065 

HSELS 

.238 

HSEPAUO 

3.667 

1.840 

TRUSS! 

.546 

CROSS  5 

74.754 

.002 

NVAR SC 

4. 

RSOSO 

.946 
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C0H1EN1S  or 
seonun 

I! 

CRQSS1 

CROSSi 

CONTENTS  OF 

SEouun 

K 

CROSSI 

CROSS* 

CON1FNTS  Of 
SHOWN 

r 

CROSSI 

CROSS* 


CASE  NUNPER  21 


21. 

0 

12. IIS 

0 

SUSfllE 

WAR 

CR0S52 

ALSO 

REGANAL 

2. 

0 

147.064 

CftCKGT 

NSE 

CR0S53 

kso 

1.0000 

.002 

1.998 

0 

RSO 

HSUS 

CR0SS4 

NVARSS 

.999 

.002 

0 

4. 

At 

NSERAT10 

CR0S55 

RS6SB 

12.127 

1.000 

24.254 

.998 

CASE  NUMBER 

22 

32. 

.005 

12.115 

.010 

subfile 

nvar 

CR03S2 

R150 

REGANAL 

2. 

.005 

M2. 0*4 

CASBGT 

NSE 

CK.0SS3 

KSO 

1.0000 

.002 

1.990 

.000 

RSO 

NSELS 

CROSSI 

N VAR  SO 

.999 

.002 

.0*1 

4. 

NSERATIO 

CR0SS5 

RSOSO 

12.127 

1.000 

24.754 

.998 

CASE  NUNPER 

23 

23. 

.030 

12.115 

.0*0 

suer  HE 

NVAR 

CR0SS2 

RLSO 

REGANAL 

2. 

.030 

147.0*4 

CASWGT 

NSE 

CMSSJ 

KSO 

1.0000 

.001 

1.998 

.001 

RSO 

nsas 

CROSS! 

NVARSS 

.999 

.002 

.3*4 

4. 

RL 

NSEPA1I0 

CR0SS5 

RSOSO 

12.177 
7. COO 
24.234 
.998 

CONTENTS  OF 

CASE  NUMBER 

74 

SEONUN 

24. 

SUBFILE 

REF.  ANAL 

K 

.045 

IIVAR 

2. 

CROSSI 

12.115 

CR0SS2 

.045 

CROSS* 

.090 

RISQ 

147.0*4 

CONTENTS  OF 

CASE  NUNPER 

25 

SEONUN 

25. 

SUET  HE 

RfGANAL 

K 

0 

AVAR 

2. 

CROSSI 

90.2*2 

CT(0SS2 

0 

CROSS* 

0 

RISQ 

14404.9*1 

CONTENTS  OF 

CASE  NUNPER 

2* 

SEONUN 

7*. 

supriit 

RFGANAL 

r 

.015 

NVAR 

2. 

CROSSI 

90.2*7 

CRC3S2 

.Oil 

CROSS* 

.030 

RLSO 

14404.9*1 

CONTENTS  OF  CASE  UUNPER 

27 

SEONUIT 

27. 

SUBFILE 

REGANAL 

k 

.025 

NVAR 

2. 

CROSSI 

90.2*2 

CROSS  2 

.019 

CROSS* 

.050 

RLSQ 

14404.9*1 

CONTENTS  OF 

CASE  NUNPER 

20 

SEONUN 

28. 

SURF  HE 

REGANAL 

K 

.040 

NVAR 

2. 

CROSSI 

90.242 

CROSS? 

.030 

CROSS* 

.080 

RLSO 

14404.9*1 

CONTENTS  OF  CASE  NUMBER 

29 

SEOtlUH 

29. 

SUBFILE 

REGANAL 

* 

0 

NVAR 

2. 

CROSSI  110.6*7 

CROSS? 

0 

CROSS* 

0 

RLSO 

14404.9*1 

CONTENTS  OF  CASE  NUNPER 

30 

SEONUN 

30. 

SIIBFItl 

RtfiANAL 

r 

.015 

NVAR 

2. 

CROSSI  110.6*7 

CROSS? 

.014 

CROSS* 

.030 

RLSO 

14404.9*1 

CASL’GT 

1.0000 

NSF 

.002 

cross: 

1.998 

KSO 

.002 

CASWGT 

1.0000 

NSE 

9.194 

CKOSSJ 

1.504 

L'SO 

0 

CASWGT 

1.0000 

NSE 

.58? 

CR0SS3 

1.301 

RSO 

.000 

CASWGT 

1.0000 

NSE 

.283 

CRQSSJ 

1.504 

RSO 

.001 

CASN5T 

1.0000 

use 

.143 

CRQSSJ 

1.504 

RSO 

.002 

CASBGT 

1.0000 

NSE 

7.?ab 

CRPS33 

1.044 

KSO 

0 

CASBGT 

1.0000 

USE 

.14* 

FFf'SS3 

1.841 

KSO 

.000 

RSO 

.999 

Nsris 

.002 

CROSS! 

.54* 

NVARSO 

4. 

RSO 

.752 

NSELS 

9.194 

CROSSI 

0 

NVARSO 

4. 

RSO 

.752 

NSELS 

9.194 

CROSSI 

1.000 

NVARSO 

4. 

RSO 

.752 

NSELS 

9.171 

CROSSI 

J.OOI 

NVARSS 

I. 

rso 

.752 

HSCIS 

9.194 

CFGSSI 

4.801 

NVARSO 

4. 

RSO 

.922 

NSEIS 

2.296 

CROSS! 

0 

NVARSO 

4. 

R?|) 

.922 

NSELS 

2. 290 

CROSSI 

1.800 

NVARSO 

4. 

Rl 

12.177 

NSERATIO 

1.000 

CRDSS5 

24.231 

RSOSO 

.998 

RL 

120.029 

"crRATlO 

1.000 

LW335 

210.038 

RSOSO 

.366 

Rl 

120.029 

NSERATIO 

15.797 

CR05S5 

240.058 

RSOSO 

.5*4 

Rl 

120.029 

NSERATIO 

32.4PB 

CR05S5 

740.038 

RSOSO 

.5*4 

Rl 

120.079 

NSERATIO 

*4.294 

CR0SS5 

240.058 

RSOSO 

.54* 

RL 

120.029 

NSERATIO 

1.000 

CR05S5 

240.058 

RSOSO 

.850 

Rl 

120.029 

NSERATIO 

15.710 

CRDSSS 

240.038 

RSOSO 

.850 

COMfENIS  Of  CASE  NUMBER  31 


SEONUfl 

31. 

SUBFILE 

RE  BANAL 

CA5NG1 

1.0000 

ASH 

.922 

n 

120.029 

x 

.030 

NVAR 

2. 

MSE 

.055 

MSECS 

2.298 

MSI  RATIO 

41.702 

CROSS! 

110.447 

CROSS? 

.028 

CMSSS 

1.B44 

DOS  5  4 

J.601 

CR0SS5 

240.058 

CROSS6 

.040 

Rt50 

14406.941 

XS# 

.001 

MVARSO 

4. 

RSOSO 

.850 

CONUN1S 

Of  CATC  NUHCER 

32 

SCONUH 

32. 

SUBFILE 

REGANAL 

CASUfil 

1 . 0000 

BSD 

.92? 

Rl 

120.029 

K 

.040 

NVAR 

2. 

MSE 

.036 

MRfLS 

2.298 

HSEPA1I0 

63.G33 

CROSS! 

110.447 

CR0SS2 

.037 

CRIISS3 

I.B44 

MSfl'54 

4.801 

CR0SS5 

240.058 

CR0SS6 

.080 

RISE) 

14406.961 

I.SO 

.00? 

NVARSO 

4. 

RSOSO 

.850 

CONTENTS  Of  CASE  NUNBEft 

33 

SEONUN 

V 

33. 

subtile 

RE6ANAL 

CA5N6T 

1.0000 

RSO 

.997 

RL 

120.029 

crossi 

CR0SS6 

0 

119.44? 

0 

NVAR 

CR0SS2 

RLSO 

7. 

0 

14406. 961 

MSE 

CR0SS3 

xso 

.092 

1.994 

0 

MSECS 

CCPSS4 

NVARSO 

.092 

0 

4. 

I4SERA110 

CR0SS5 

RSOSO 

1.000 

240.058 

.994 

CONTENTS  Of  CASE  NUMBER 

34 

SECNUH 

IE 

CROSS! 

CR0SS6 

34. 

.015 

119.449 

.030 

SUBTILE 

NVAR 

CRUSS2 

RLSO 

REGANAL 

2. 

.015 

14406.961 

CrtSNGT 

USE 

CR0SS3 

XSO 

1.0000 

.006 

1.994 

.000 

RSO 

MSECS 

cross? 

NVARSO 

.997 

.092 

1.800 

4. 

RL 

HSEPATIO 

CR0SS5 

RSOSO 

120.029 

15.333 

240.058 

.994 

CONTENTS  Of  CASE  NUMBER 

35 

SEONUH 

X 

CROSS  1 
CROSS6 

35. 

.035 

119.64? 

.070 

SUBTILE 

NVAR 

CR0SS2 

RLSO 

REGANAL 

2. 

.035 

14406.961 

CASXGT 

use 

CR0SS3 

xss 

1.0000 

.002 

1.994 

.001 

RSO 

MSELS 

cross* 

NVARSO 

.997 

.092 

4.201 

4. 

RL 

MSERATIO 

CR0SS5 

RSOSO 

120.029 

46.000 

240.058 

.994 

CONTENTS  Of  CASE  NUMBER 

36 

SEONUM 

X 

CROSSI 

CR0SS6 

34. 

.045 

119.669 

.090 

SUBFILE 

NVAR 

CROSS? 

RLSO 

REGANAL 

2. 

.045 

14406.961 

CASMGT 

MSE 

CRQSS3 

XSO 

1.0000 

.00? 

1.994 

.002 

R5P 

MSFIS 

cnosr.4 

NVARSO 

.997 

.092 

5.401 

4. 

RL 

MSERATIO 
CR0SS5  - 
RSOSO 

170.029 

46.000 

240.059 

.994 

CONTENTS  Of  CASE  NUMBER 

37 

SCONUH 

X 

CROSSI 

CROSS4 

37. 

0 

1.520 

0 

subfile 

NVAR 

CROSS? 

RLSO 

REGANAL 

3. 

0 

3.371 

CASX5T 

MCE 

CR0SS3 

X50 

1.0000 

.147 

2.4B4 

0 

RSO 

MSELS 

cross* 

NVARSO 

,078 

.147 

0 

9. 

RL 

MSERATIO 

CP0S55 

RSOSO 

I.G36 

1.000 

5.508 

.666 

CONTENTS  Or  CASE  NUMBER 

38 

SEONUM 

X 

CROSS! 

CROSS* 

38. 

.005 

1.520 

.015 

subfile 

NVAR 

CROSS? 

RLSO 

REGANAL 

3. 

.004 

3.371 

CASUGT 

MSE 

CROS53 

XSO 

1.0000 

.143 

2.484 

.000 

RSO 

MSELS 

CRGGS4 

NVARSO 

.878 

.147 

.009 

9. 

RL 

MSERATIO 

CR0SS5 

RSOSO 

1.836 

1.020 

5.508 

.686 

CONTENTS  Of  CASE  NUMBER 

39 

SEONUM 

X 

CROSS! 

CROSS4 

39. 

.015 

1.520 

.045 

sunriiE 

NVAR 

CROSS? 

RLSO 

REGANAL 

3. 

.01? 

3.371 

CrtSNGT 

HRf 

CR0SS3 

XSO 

1,0900 

.135 

2.404 

.000 

RSO 

KSfl  S 

cross* 

NVARSO 

.R2B 

.147 

.078 

9. 

RL 

MSERATIO 

CR0SS5 

RSOSO 

1.836 

1.089 

5.500 

.686 

CONTENTS  Of  CASE  NUMBER 

40 

SEONUM 

X 

CROSSI 

CROSS* 

40. 

.030 

1.520 

.090 

surrm 

NVAR 

CROSS? 

RLSO 

REGANAL 

3. 

.025 

3.371 

CftSWGT 

MSE 

CR0SS3 

XSO 

1.0000 

.125 

2.4R4 

.001 

XSO 

MSftS 

cross* 

NVARSO 

.R.9 

.147 

.055 

9. 

Rl 

MSERATIO 
CRP3S5  * 
RSOSO 

1.836 

1.176 

5.508 

.686 
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CONTENTS  Of  CASE  NUHCER  41 


SEONUN 

41. 

SIMILE 

REGANAL 

CASKGT 

1.0000 

RSO 

.917 

RL 

1.836 

l 

0 

HVAR 

3. 

NSE 

.062 

NSCLS 

.Oi? 

HSERAUO 

1.000 

CROSS! 

1.684 

CF0SS2 

0 

CR0GS3 

2.751 

CROSS! 

0 

CROSSS 

5.5GB 

CROSSi 

0 

RLS8 

3.37! 

ISO 

0 

NVARSO 

9. 

RSOSO 

.841 

CONTENTS  Of 

CASE  NUH6ER 

42 

SEONUN 

42. 

SU8FIIE 

REGANAl 

CASVGT 

1.0000 

RSO 

.917 

RL 

1.836 

r. 

.005 

NVAR 

3. 

NSE 

.040 

NorLS 

.06? 

NSERAT10 

1.033 

CROSS! 

1.684 

CR0SS2 

.005 

CROSSS 

2.751 

CROSS! 

.009 

CROSSS 

5.508 

CROSSi 

.015 

RLSO 

3.371 

ISO 

.000 

NVARSO 

9. 

RSOSO 

.84! 

CONTENTS  OF 

CASE  NUMBER 

43 

SEONUN 

4J. 

susniE 

REGANAL 

CASHGT 

1.0000 

RSO 

.917 

RL 

1.834 

K 

.015 

NVAR 

3. 

NSE 

.057 

N5EIS 

.06? 

NSERATIO 

I.GP8 

CROSS! 

1.434 

CR0SS2 

.014 

CR0SS3 

2.751 

CF10S34 

.028 

CRUSS5 

3.508 

CROSSi 

.045 

RISC 

3.37! 

rso 

.000 

NVARSO 

4. 

RSOSO 

.84! 

CONTENTS  Of 

CASE  NUMBER 

44 

SEONUN 

44. 

sueniE 

REGANAL 

CASKS! 

1.0000 

RSO 

.917 

Rl 

1.834 

*: 

.030 

NVAR 

3. 

NSE 

.053 

NSEIS 

.Oi? 

NSERATIO 

1.170 

CROSS! 

1.684 

CR0SS2 

.028 

CP0SS3 

2.751 

CROSS! 

.055 

CROSSS 

5.308 

CROSSi 

.090 

RLSO 

3.371 

KSQ 

.00! 

NVARSO 

9. 

RSOSO  - 

.84! 

CONTENTS  Of 

CASE  HUNBER 

45 

SEONUN 

45. 

SUPFILE 

REGANAL 

CASKS! 

1.0000 

RSO 

.998 

Rl 

1.834 

K 

0 

RVAR 

3. 

NSE 

.00! 

HSFIS 

.001 

NSERATIO 

I.OCO 

CROSSI 

1.832 

CR0SS2 

0 

CROSSS 

2.994 

CROSS! 

0 

CR05S5 

5.500 

CR0SS6 

0 

RLSO 

3.371 

KSO 

0 

NVARSO 

4. 

RSOSO 

.994 

CONTENTS  OF 

CASE  NUMBER 

4i 

SEONUN 

4i. 

SUBFILE 

REGANAL 

CA5KGI 

1.0000 

RSO 

.998 

RL 

1.834 

K 

.005 

RVAR 

3. 

NSE 

.001 

HSUS 

•  .001 

NSERATIO 

1.000 

CROSSI 

1.B32 

CR0SS2 

.005 

CROSSS 

2.994 

CROSS! 

.009 

CROSSS 

5.500 

CROSSi 

.015 

RLSO 

3.371 

RSO 

.000 

NVARSO 

9. 

RSOSO 

.996 

CONTENTS  OF 

CASE  MUMPER 

47 

SEONUN 

47. 

SUBFILE 

REGANAL 

CASKGT 

1.0000 

RSO 

.993 

RL 

1.C36 

K 

.025 

NVAR 

3. 

NSE 

.001 

NSE!  S 

.001 

NGrRATIO 

1.000 

CROSSI 

1.032 

CR05S2 

.025 

CR0SS3 

2.994 

CROSS! 

.046 

CROSSS 

5.508 

CROSSi 

.075 

RLSO 

3.371 

RSO 

.001 

NVARSO 

4. 

RSOSO 

.946 

CONTENTS  OF 

CASE  NUMBER 

4fi 

SEONUN 

48. 

SU8F  !LE 

REGANAL 

CASKGT 

1.0000 

RSO 

.998 

RL 

1.836 

K 

.040 

NVAR 

3. 

NSE 

.00? 

NOELS 

.001 

NSERATIO 

.500 

CROSSI 

1.832 

CR0SS2 

.04(1 

CR05S3 

2.994 

CROSS! 

.073 

CTJ0SS5 

5.508 

CROSSS 

-.120 

RLSO 

3.37! 

RSO 

.002 

NVARSO 

9. 

RSOSO 

.996 

CONTENTS  Of  CASE  Ni HIRER 

49 

SEONUN 

49. 

SUhf ILE 

REGANAL 

CASKGT 

1.0000 

P'O 

.753 

RL 

7.680 

K 

0 

NV'R 

3. 

NSE 

1.305 

NSEIS 

1.305 

NSERATIO 

1.000 

CROSS! 

5. 793 

cross 2 

0 

CROSSS 

2.259 

CROSS! 

0 

CROSSS 

23.040 

CROSSi 

0 

RLSO 

58.982 

RSO 

0 

NVARSO 

9. 

RSOSO 

.567 

COHUNTS  Of  CASE  HUNGER 

50 

SEONUN 

50. 

SHOT  li  t 

REGANAL 

CASKGT 

1.0000 

RSO 

.753 

RL 

7.680 

R 

.005 

NVAR 

3. 

HSf 

1.115 

NSEIS 

1.305 

NSERATIO 

1.170 

CROSSI 

5.783 

CROSS? 

.004 

CROSSS 

2.259 

CROSS! 

.038 

CROSSS 

23.040 

CROSSi 

.015 

RLSO 

58.98? 

RSO 

.000 

NVARSO 

9. 

RSOSO 

.567 

90 


Jtu 


T 


T?  „  ,4 


CONTENTS  OF  CASE  UMBER  51 


SEONUN 

51. 

SUBFILE 

REGANAl 

CASNGT 

K 

.070 

NVf.R 

3. 

N5E 

CR05S1 

5.785 

CR0SS2 

.015 

CB0SS3 

CROSSE 

.OEO 

RLSO 

58.982 

T.SQ 

CONTENTS  OF  CASE  NUMBER 

52 

SEONUN 

52. 

SUBFILE 

REGANAL 

CASNGT 

r 

.035 

NVAR 

3. 

N5E 

CROSS l 

5.703 

cr.n$52 

•  02E 

CB0SS3 

CROSSE 

.  105 

RLSO 

58.982 

KSQ 

CONTENTS  OF  CASE  NUMBER 

53 

SEONUN 

53. 

SUBFILE 

REGANAL 

CASNGT 

K 

0 

NVAR 

3. 

USE 

CROSS! 

7.0EE 

CR0S52 

0  ■ 

CR0SS3 

CROSSE 

0 

RLSO 

58.982 

T.SO 

CONTENTS  OF  CASE  NUMBER 

54 

SEONUN 

54. 

SUBFILE 

REGANAL 

CASNGT 

r 

.005 

NVf.R 

3. 

USE 

CROSS! 

7.0E6 

cross? 

.005 

CR0SS3 

CROSSE 

.015 

RLSO 

58.982 

KSS 

CONTENTS  OF  CASE  NUMBER 

55 

SEONUN 

55. 

SUBFILE 

REGANAl 

CASNGT 

K 

.075 

NVAR 

3. 

HSE 

CROSS! 

7.0EE 

CROSS? 

.023 

CR0SS3 

CROSSE 

.075 

RLSO 

58.982 

teso 

CONTENTS  OF  CASE  NUMBER 

5E 

SEONUN 

5E. 

SUBFILE 

REGANAl 

CARNOT 

r 

.045 

NVAR 

3. 

NUE 

CROSS! 

7.066 

CROSS? 

.041 

Cl.OSSJ 

CROSSE 

.135 

RLSO 

58.982 

KSO 

CONTENTS  OF  CASE  HUNTER 

57 

SEONUN 

57. 

SUBFILE 

REGANAl 

CASNGT 

K 

0 

NVAR 

3. 

NSE 

CROSS! 

7.EE5 

CR0SS2 

0 

CR0SS3 

CROSSE 

0 

RLSO 

58.902 

kso 

CONTENTS  OF  CASE  NUMBER 

50 

SEONUN 

58. 

SUPHLE 

REGANAL 

CASNGT 

K 

.005 

NVAR 

3. 

NSE 

CROSS! 

7.645 

CR0SS2 

.005 

CR0S33 

CROSSE 

.015 

RLSO 

58.902 

KSO 

CONTENTS  OF  CASE  NIIHBfR 

59 

SEONUN 

57. 

suer  II E 

Rtr.ANAI. 

CASNGT 

t 

.070 

NVAR 

3, 

USE 

CROSS! 

7. EES 

CR0SS2 

.020 

CRNSS3 

CROSSE 

.OEO 

RLSO 

58.982 

Ksn 

CONTENTS  OF  CASE  NUMBER 

EO 

SEONUN 

EO. 

SUBFILE 

REGANAl 

CASNGT 

K 

.040 

IIVAR 

3. 

NSE 

CROSS! 

7.  EES 

CR0SS2 

.040 

CR0SS3 

CROSSE 

.120 

RLSO 

58.902 

KSO 

1.0000 

RSI? 

.753 

RL 

7.E80 

.77? 

NStLS 

1.305 

HSEFATIO 

I.E80 

2.259 

CR0SS4 

.154 

CR0SS5 

23.040 

.000 

NVARSO 

9. 

Rsasa 

.5E7 

1.0000 

RSO 

.753 

Rl 

7.E80 

.595 

N5FLS 

1.305 

NSERATIO 

2.193 

2.259 

CROSS! 

.2E9 

CP0SS5 

23.040 

.001 

NVARSO 

9. 

RS0S8 

.56) 

.0000 

RSO 

.920 

RL 

7.ER0 

•  32E 

MSECS 

.32E 

HSERATIO 

1. 000 

2.7EO 

CR0SS4 

0 

CR0SS5 

23.040 

0 

NVARSO 

9. 

RSSSO 

.84E 

1.0000 

RSO 

.920 

Rl 

7.680 

.279 

NSE!  5 

.32E 

NSERA1I0 

1. 168 

2.760 

CF0S54 

.038 

CR0SS5 

23.040 

.000 

NVARSO 

9. 

RSOSO 

.846 

1.0000 

RSO 

.970 

RL 

7.600 

.177 

NSELS 

.376 

NSEPATIO 

1.842 

7.7E0 

CROSS! 

.19? 

CR0SS5 

73.040 

.001 

NVARSO 

9. 

RSOSO 

.B4E 

1.0000 

RSO 

.920 

PL 

7. 680 

.129 

NSclS 

.326 

HSERATIO 

2.527 

2.760 

CROSS! 

.346 

CR0SS5 

23.040 

.002 

NVARSO 

9. 

RSOSO 

.846 

1.0000 

RSO 

.998 

RL 

7.600 

.004 

NSELS 

.006 

HSERATIO 

1.000' 

7.994 

CROSS! 

0 

CR0SS5 

23.040 

0 

NVARSO 

9. 

RSOSO 

.996 

1.0000 

RSO 

.998 

Rl 

7.600 

.005 

NSELS 

.006 

NSERATIO 

1.200 

2.994 

CROSSE 

.038 

CR0SS5 

23.040 

.000  • 

NVARSO 

9. 

RSOSO 

.996 

1.0000 

RSO 

.998 

RL 

7.680 

.004 

Nsns 

.006 

HSERATIO 

1.500 

2.994 

CROSS! 

.154 

CR0SS5 

23.040 

.000 

NVARSO 

9. 

RSOSO 

.996 

1.0000 

R51J 

.998 

Rl 

7.680 

.003 

NSEIS 

.006 

NSERATIO 

2.000 

2.994 

CROSS! 

.307 

CR0SS5 

23.040 

.002 

NVARSO 

9. 

RSOSO 

.996 
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CONTI  HIS  OF  CASE  HUNKER 

SI 

SEBNUH 

61. 

SUBFILE 

RCEAUAL 

CA5MGT 

r 

0 

NVAR 

3. 

NSE 

CROSS  1 

3S.SOO 

CR0SS2 

0 

CR0SS3 

CROSS* 

0 

RISO 

2593.45? 

rso 

CONTENTS  OF  CASE  NUNKER 

6? 

SEONUN 

62. 

SIIPFII E 

REGAI4AI 

CASNfiT 

t 

.015 

NVAR 

3. 

NSE 

CROSS  1 

38.500 

CROSS? 

.Oil 

CR0SS3 

CROSS* 

.045 

RISO 

3503.457 

ISO 

CONTENTS  OF  CASE  Nt'HBER 

S3 

SEONUN 

S3. 

SURF IlC 

REGAHAl 

CASUGT 

t 

.025 

NVAR 

3. 

NSE 

CROSS! 

30.500 

CROSS? 

.010 

CR0SS3 

CROSS* 

.075 

RISO 

3503.457 

RSO 

CONTENTS  OF  CASE  NUNKER 

64 

SEONUN 

64. 

SUBFILE 

REGAHAl 

CASNG! 

K 

.035 

NVAR 

3. 

NSE 

CROSS! 

38.500 

CROSS? 

.0?S 

CROS53 

CR0SS6 

.105 

RISO 

3303.457 

RSO 

CONTENTS 

OF  CASE  NUNKER 

45 

SEONUN 

45. 

suoriiE 

REGANAL 

CASHGT 

R 

0 

NVAR 

3. 

NSC 

CROSS  1 

44.903 

CFASS3 

0 

CR0SS3 

CROSS* 

0 

RISO 

2593.457 

RSO 

CONTENTS  OF  CASE  NUMBER 

44 

SEONIH 

44. 

SUBFILE 

PIG.VIAI 

CASUGT 

R 

.015 

NVAR 

3. 

NSE 

CROSS  1 

44.903 

CF05S2 

.014 

CR0SS3 

CROSS* 

.045 

RISO 

2593.437 

RSO 

CONTENTS  OF  CASE  NUMBER 

47 

SEONUN 

47. 

SUBFILE 

RC6AH.U 

CASUGT 

R 

.030 

NVAR 

3. 

NSE 

CROSS! 

44.903 

CROSS? 

.038 

Cf:03S3 

CROSS* 

.090 

RISO 

3593.457 

RSO 

CONTENTS  OF  CASE  NUNKER 

4B 

SEONUN 

48. 

SUBFILE 

REGAHAl 

CASHGT 

r 

.045 

NVAR 

3. 

NSE 

CROSSI 

44.903 

CROSS? 

.041 

CR05S3 

CROSS* 

.135 

RISO 

2593.457 

RSO 

CONTENTS  OF  CASE  NUNKER 

49 

SEONUN 

49. 

SOW  III 

REGAHAl 

CASUGT 

R 

0 

NVAR 

3. 

NSE 

CROSSI 

50.834 

CRIISS2 

0 

CR05S3 

CROSS* 

0 

RISO 

2593.457 

RSO 

CONTENTS  OF  CASE  NUNKER 

70 

SEONUN 

70. 

SUBFILE 

REGAHAl 

CASUGT 

R 

.013 

NVAR 

3. 

NSE 

CROSSI 

50.034 

CROSS? 

.015 

CG0SS3 

CROSS* 

.045 

RISO 

2593.457 

RSO 

1.0000 

RSO 

.756 

Rl 

50.926 

8.51? 

NSCLS 

8.512 

NSEPATtO 

1.000 

3.368 

CP0SS4 

0 

CR0SS5 

152.778 

0 

NVAASO 

9. 

RSOSO 

.372 

1.0000 

RSO 

.754 

Rl 

50.926 

1.169 

NSEIS 

8.51? 

NSEPATIO 

7.281 

2.2(8 

crossi 

.764 

CR0SS5 

152.778 

.000 

KVARSfl 

9. 

RSOSO 

.572 

1.0090 

RSQ 

.754 

Rl 

50.926 

.495 

r.SELS 

8.512 

NSCRAT10 

12.247 

2.248 

CROSS! 

1.273 

CR0SS5 

152.778 

.001 

NVARSO 

9. 

RSOSO 

.572 

I.OAOO 

RSO 

.754 

Rl 

50.926 

.496 

NSEIS 

8.51? 

NSEPATIO 

17.161 

2./6B 

CROSS! 

1.78? 

CP0SS5 

152.778 

.DOT 

NVARSO 

9. 

RSOSO 

.572 

1.0000 

RSO 

.921 

Rl 

50.924 

2.128 

NSEIS 

2.I2B 

NSERAITO 

1.000 

2.743 

CROSS! 

0 

CR0SS5 

152.778 

0 

NVARSO 

9. 

RSOSO 

.848 

1.0000 

RSO 

.921 

Rl 

50.926 

.273 

RSCIS 

2.128 

NSERAITO 

7.743 

2.763 

cross! 

.764 

CRDSS5 

132.778 

.000 

NVARSO 

9. 

RSOSO 

.840 

.mo 

RSO 

.971 

Rl 

50.926 

.145 

r.ns 

2.128 

NSCRATIO 

14.676 

2.763 

CROSS! 

1.328 

CROSSS 

152.778 

.001 

NVARSO 

9. 

RSOSO 

.848 

.0000 

RSO 

.921 

Rl 

50.924 

.098 

NSEIS 

2.128 

NSERAITO 

21.714 

2.763 

CROSS! 

2.297 

CR0SS5 

152.770 

.002 

NVARSO 

9. 

RSOSO 

.148 

i.oooo 

RSO 

.998 

Rl 

50.926 

.038 

nsFis 

.038 

NSERAITO 

1.000 

2.994 

CROSS! 

0 

CROSSS 

132.770 

0 

NVARSO 

9. 

RSOSO 

.994 

I.OAOO 

RSO 

.998 

RL 

30.926 

.006 

NSC15 

.038 

NSE RAT  TO 

6.333 

2.994 

CROSS! 

.764 

CROSSS 

152.778 

.000 

NVARSO 

9. 

RSOSO 

.996 

92 


CONTENTS  OF  CAFE  NUHRCR  71 


SEOIIUH 

71. 

SUBFILE 

REGANAl 

CASHGT 

\.0m 

RSO 

.998 

RL 

50.924 

l 

.075 

NVAR 

3. 

HSE 

.004 

HSUS 

.038 

HSERAUO 

9.000 

CROSS 1 

50.82! 

CR0SS2 

.025 

CROSS! 

2,994 

CROSS! 

1.273 

CR0SS5 

152.778 

CROSSE 

.075 

RISO 

2593.457 

KSO 

.001 

NVASSQ 

9. 

RSOSO 

.994 

CONTENTS  OF  CASE  NIWRER 

72 

SEOIIUH 

72. 

SUBFILE 

Rl  KiMIAL 

CASIIGI 

1.0000 

RSO 

.998 

RL 

50  924 

K 

.040 

NVAR 

3. 

USE 

.003 

HSTLS 

.038 

HSERATIO 

12.447 

CROSS t 

50.824 

CROSS’? 

.040 

CROSS! 

2.994 

CROj‘4 

2.03? 

CR0SS5 

152.770 

CROSSE 

.120 

RLS9 

2593.457 

rso 

.002 

NVARSO 

9. 

RSOSO 

.994 

CONTENTS  OF  CASE  NUMBER 

13 

SEOIIUH 

7J. 

SUBFILE 

REEANAL 

CASHGT 

1.0000 

RSO 

.759 

RL 

1.520 

K 

0 

NVAR 

4. 

HSE 

.144 

HSELS 

.144 

HSERATIO 

1.000 

CR05SI 

1.140 

CR0SS2 

0 

CR0SS3 

3.03E 

CROSS! 

0 

CR0SS5 

4. II? 

CROSSE 

0 

RLSO 

2.335 

RSO 

0 

NVARSO 

14. 

RSOSO 

.574 

CONTENTS  OF  CASE  HUMBER 

74 

SEONUH 

74,. 

SUBFILE 

REGANAL 

CASKGf 

1.0000 

RSO 

.759 

RL 

1.520 

r 

.005 

NVAR 

4. 

HSE 

.144 

Hsns 

.144 

HSERATIO 

1.014 

CROSS! 

1.1  EO 

CR0SS2 

.004 

CROSS! 

3.034 

GROSS! 

.008 

CR0SS5 

4. 112 

CROSSE 

.020 

RLSO 

2.335 

RSO 

.000  • 

NVARSO 

IE. 

RSOSO 

.574 

CCNTCNTS  OF  CA5E  NUMBER 

75 

SEONUH 

75. 

SUBFItE 

REGANAL 

CASHGT 

1.0000 

RSO 

.759 

RL 

1.528 

t 

.015 

NVAR 

4. 

MSE 

.139 

HSELS 

.144 

HSERATIO 

1.050 

CROSSI 

MRO 

CR0SS2 

.011 

CROSS! 

3.034 

CRDSS4 

.023 

CR0SS5 

4.112 

CROSSE 

.CEO 

RLSO 

2.335 

RSO 

.000 

NVARSO 

IE. 

RSOSO 

.574 

CONTENTS  OF  CASE  NUMBER 

74 

SEOIIUH 

7E. 

SUrFILE 

REGANAL 

CASHGT 

1.0000 

RSO 

.759 

Rl 

1.528 

K 

.040 

NVAR 

4. 

HSE 

.130 

fisrts 

.144 

HSERATIO 

1.123 

CROSSI 

1.1E0 

CR0SS2 

.030 

CR0SS3 

3.034 

CROSS! 

.041 

CRDSS5 

4.112 

CROSSE 

.140 

RLSO 

2.335 

RSO 

.002 

NVARSO 

IE. 

RSOSO 

.574 

CONTENTS  OF  CASE  HUMBER 

77 

SEONUH 

77. 

SUBFILE 

REGANAL 

CASHGT 

1.0000 

RSO 

.922 

RL 

1.528 

If 

0 

NVAR 

4. 

HSE 

.03? 

HSELS 

.037 

HSEPAT10 

1.000 

CROSSI 

1.409 

CR0SS2 

0 

CR0SS3 

3.488 

CROSS! 

0 

CR05S5 

4. 112 

CROSSE 

0 

RLSO 

2.333 

RSO 

0 

NVARSO 

IE. 

RSOSO 

.050 

CONTENTS  OF  CASE  NUMBER 

78 

SEONUH 

78. 

SUBFILE 

REGANAL 

CASNf-T 

1.0009 

RSO 

.92? 

Rl 

1.528 

r 

.005 

NVAR 

4. 

HSE 

.034 

Ha!  S 

.037 

HSERATIO 

1.028 

CROSSI 

1.409 

CRQS52 

.005 

CROSS! 

3.488 

CROSS! 

.000 

CR0SS5 

4.11? 

CROSSE 

.020 

RLSO 

2.335 

RSO 

.000 

NVARSO 

IE. 

RSOSO 

.050 

com  T  N IS  OF  CASE  NUMBER 

79 

SEOIIUH 

79. 

SUM  TI  E 

REGANAl 

CASNGT 

1.0000 

RSO 

.97? 

Rl 

1.528 

r 

.013 

NVAR 

4. 

HSE 

.035 

HSELS 

.037 

HSERATIO 

1.057 

CROSSI 

1.409 

CR05S2 

.014 

CROSS! 

3.4B9 

CROSS! 

.023 

CR05S5 

4.112 

CROSSE 

,0E0 

RLSO 

2.335 

RSO 

.000 

NVARSO 

IE. 

RSOSO 

.850 

CONTENTS  OF  CASE  NUMBER 

80 

5E0NUH 

80. 

SUBFILE 

REGANAL 

CASHGT 

1.0000 

RSO 

.922 

RL 

1.528 

If 

.033 

NVAR 

4. 

HSE 

.034 

HSUS 

.037 

HSERATIO 

1.028 

CROSS! 

1.409 

CR0SS2 

.03? 

CMISS! 

3. 400 

CIOS’,  4 

.053 

CR0S>5 

4.117 

CROSSE 

.140 

RLSO 

2.335 

RSO 

.001 

NVARSO 

IE. 

RSOSO 

.850 

COMtfNTS  OF  CASE  NUMBER  5) 


seem 

x 

CROSSI 

CROSSE 

SI. 

0 

1.525 

0 

SUBFILE 
RVf.R 
CROSS? 
hi  SO 

8ECMIAL 

4. 

0 

2.335 

CASHG1 

NSE 

CR0SS3 

XSS 

1.0000 

.001 

3.908 

0 

RSO 

MStlS 

CROSSI 

HVARSO 

.997 

.001 

0 

16. 

Rl 

MSERATIO 

CR0SS5 

RSflSO 

1.528 

1.000 

i.ll? 

,994 

CONTENTS  Of  CASE  NUMBER 

82 

SEOHUH 

X 

CROSSE 

CRDSS4 

82. 

.005 

1.525 

.020 

swriit 

HVAR 

CRDSS2 

RISE? 

regahal 

4. 

.005 

2.335 

CASHGT 

USE 

CROSSJ 

XSS 

1.0000 

.001 

3.908 

.000 

858 

HSELS 

CROSSI 

HVARS8 

.997 

.001 

.008 

16. 

RL 

MSERATIO 

CR0SS5 

RSOSO 

1.528 

1.000 

4.11? 

.994 

CONTENTS  OF  CASE  NUMBER 

83 

StflNUlf 

X 

CROSS) 

CROSSE 

85. 

.015 

1.525 

.060 

SUBFILE 

HVAR 

CROSS? 

RLS3 

REBAHAL 

1. 

.015 

2.335 

CASH6T 

NSE 

CROSS 3 
XSS 

1.0000 

.002 

3.938 

.000 

RSO 

MSEIS 

CROSSI 

NVARSD 

.997 

.001 

.02! 

16. 

RL 

MSERATIO 

CR0SS5 

RSOSO 

1.528 

.500 

6.112 

.994 

CONTENTS  OF  CASE  DUMBER 

84 

SEOHUH 

X 

CROSSI 

CROSSE 

81. 

.035 

1.523 

.HO 

SUBFILE 

HVAR 

CROSS? 

RLSQ 

REGANAL 

4. 

.035 

2,335 

CASHGT 

M3E 

CR0SS3 

XSS 

1,0000 

.004 

3. 908 
.001 

RS8 

HSELS 

CROSSI 

HVARSO 

.997 

.001 

.053 

16. 

Rl 

MSERATIO 

CR0SS5 

RSOSO 

1.528 

.250 

4.1)2 

.994 

CONTENTS  OF  CASE  HUMBER 

85 

SEOHUD 

If 

85. 

SMRriLE 

RE8ANAL 

CASHGT 

1.0000 

RSO 

.419 

RL 

90.523 

CROSSI 

CROSSE 

0 

54. 034 

4 

HVAR 
CROSS 2 
RLSO 

4. 

4 

8194. 4M 

NSE 

CF.0SS3 

i:so 

56.26? 

2.476 

0 

MSECS 

CROSSI 

HVARSO 

56.262 

0 

16. 

NSEBATIO 

CR05S5 

RSOSO 

I.COO 

342.07? 

.383 

CONTENTS  OF  CASE  NUMBER 

06 

St  OWN 

X 

CROSSI 

CROSSE 

84. 

.015 

54.031 

.060 

SWF  lit 
HVAR 
CR0SS2 
RLSO 

REGAHAL 

4. 

.009 

8194.414 

CASHGT 

NSE 

CROSSJ 

XSO 

1.0000 

4.570 

2.476 

.000 

rso 

MSECS 

CROSS! 

HVARSO 

.619 

56.262 

1.359 

16. 

RL 

MSERATIO 

CR0SS5 

RSOSO 

90.523 

12.311 

362.09? 

.383 

CONTENTS  OF  CASE  NUMBER 

87 

SEONUN 

X 

CROSSI 

CROSSE 

07. 

.030 

54.034 

.120 

SUM  HE 

HVAR 

CR0SS2 

ALSO  • 

REGANAL 

4. 

.019 

8194.414 

CASKS! 

MSE 

CRQSS3 

XSO 

I. 0000 
2.594 
2.476 
.001 

RSO 

N'T  IS 
CROSSI 
HVARSO 

.619 

54.262 

2.716 

16. 

RL 

NSEPATID 

CR0SS5 

RSOSO 

90.523 

21.699 

342.092 

.383 

C0NUN1S  OF  CASE  NUMBER 

08 

seem 

X 

CROSSI 

CROSSE 

88. 

.040 

54.034 

.140 

surf  he 

HVAR 

CR03S2 

RtS!) 

REGANAL 

4. 

.025 

BI94.4II 

CASHGT 

USE 

CR0SS3 

X'SO 

1.0000 

2.057 

2.476 

.002 

RSO 

MSCIS 

CROSS! 

HVARSO 

.419 

56.262 

3.621 

16. 

RL 

MSERATIO 

CR0SS5 

RSOSO 

90.523 

27.351 

362.092 

.383 

CONlnilS  Of  CASE  NUMfER 

89 

SEOHlM 

X 

CROSSI 

CROSSE 

89. 

0 

74.945 

t 

surf  HE 

HVAR 

CROSS? 

RLSO 

REGANAL 

4, 

0 

8194.414 

CASHGT 

USE 

CROSSJ 

XSO 

1.0000 

14.325 

3.400 

0 

RSO 

MSCIS 

CROSS! 

HVARSO 

.850 

14.325 

0 

16. 

Rl 

MSERATIO 

CR05S5 

RSOSO 

90.523 

1.000 

362.09? 

.723 

CONTENTS  Of  CAST  HUMBER 

90 

SEOHUH 

X 

CROSSI 

CROSSE 

90. 

.015 

74.945 

.060 

SURF  11 E 

HVAR 

CROSS? 

RLSO 

REGAMA1 

4. 

.013 

8194.414 

CASHGT 

A5C 

CROSS! 

XSO 

1.0000 

1.(41 

3.  ICO 
.000 

RSO 

MSECS 

ER0SS4 

HVARSO 

.850 

14.325 

1.358 

16. 

RL 

MSERATIO 

CR0S55 

RSOSO 

90.523 

12.555 

362.092 

.723 

94 


r 


CONTENTS 

OF  CASE  NUNPER 

11 

SEONUN 

11. 

SUTiFIlE 

RCGANAL 

CASNGT 

1.0000 

RSO 

.850 

PL 

10.523 

r 

.025 

NVAR 

4. 

NSE 

.75! 

NSEtS 

14.325 

HSEPAUO 

11.075 

crossi 

7*. 145 

CR0SS2 

.021 

CR0553 

3.400 

CFCS54 

2.2*3 

CR0SS5 

3*2.012 

CROSS* 

.100 

RLSO 

8114.414 

KSO 

.001 

NVARS9 

t*. 

RSOSO 

.72! 

CONTENTS 

OF  CASE  NUNPER 

12 

SEONUN 

12. 

SUBFILE 

REGANAL 

CASNGT 

1.0000 

RSO 

.850 

Rl 

10.523 

k 

.035 

NVAR 

4. 

NSE 

.57! 

HSELS 

14.325 

NSCRATIO 

25.000 

CROSS! 

74.145 

CR0SS2 

.030 

CR0SS3 

3.400 

CR0SS4 

3.1*8 

CR0SS5 

'3*2.012 

CROSS* 

.140 

RLSO 

8114.414 

KSO 

.00! 

NVARSB 

1*. 

RS0S8 

.723 

CONTENTS 

OF  CASE  NUNPER 

13 

SCOHUtl 

13. 

SUBFILE 

RESANAL 

CASNGT 

1.0000 

RSO 

.111 

RL 

10.523 

K 

0 

NVAR 

4. 

NSE 

.0*4 

NSELS 

.0*4 

HSEPATIO 

1.000 

CROSS! 

10.432 

CH0SS2 

0 

CR05S3 

3.116 

CR0SS4 

0 

CR0SS5 

3*2.012 

CROSS* 

9 

RLSO 

8114.414 

KSO 

t 

NVARSO 

I*. 

RSOSO 

.118 

CONTENTS 

OF  CASE  NUNPER 

14 

SEQHUN 

14. 

SUBFILE 

REGANAL 

CASNGT 

1.0009 

RSO 

.111 

RL 

10.525 

K 

.015 

NVAR 

4. 

NSE 

.00* 

NSELS 

.0*4 

NSERATtO 

10.6*7 

CROSS! 

10.432 

CR0SS2 

.015 

CROSS! 

3.11* 

CR0SS4 

1.358 

CR0SS5 

3*2.012 

CROSS* 

.0*0 

RLSO 

8114.414 

KSO 

.000 

NVARSO 

1*. 

RSOSO 

.118 

CONTENTS 

OF  CASE  NUNPER 

15 

SEONUN 

15. 

SUIT  HE 

REGANAL 

CASNGT 

1.0000 

RSO 

.111 

RL 

10.523 

K 

.025 

NVAR 

4. 

NSE 

.004 

NSELS 

.0*4 

NSERATIO 

14.000 

CR0S31 

10.432 

CR0SS2 

.025 

CROSS! 

3.114 

CR05S4 

2.263 

CR0SS5 

362.012 

CROSS* 

.100 

RLSO 

8114.414 

KSO 

.001 

NVARSO 

1*. 

RSOSO 

.118 

coNtcriTS 

OF  CASE  NUNPER 

16 

SEONUN 

1*. 

SUBFILE 

REGANAL 

CASNGT 

1.0000 

RSO 

.1 11 

RL 

10.523 

K 

.040 

NVAR 

4. 

NSE 

.003 

NSELS 

.0*4 

NSERATIO 

71.333 

CROSS! 

10.432 

CROSS? 

.040 

CROSS! 

3.116 

GR0SS4 

3.421 

CR0SS5 

3*2.012 

CROSS* 

.1*0 

RLSO 

8114.414 

KSO 

.002 

NVARSO 

1*. 

RSOSO 

.118 

COMTE  til  S 

OF  CASE  NUNPER 

17 

RL 

8.355 

SEONUN 

17. 

SUPF1LE 

REGANAL 

CASNGT 

1.0000 

RSO 

.*87 

K 

0 

NVAR 

4. 

NSE 

3.047 

N3EL5 

3.047 

NSERATIO 

1.000 

CROSS! 

5.740 

CR0SS2 

0 

CROSS! 

2.748 

cross* 

0 

CR0SS5 

33.420 

CROSS* 

0 

RLSO 

61.80* 

KSO 

0 

NVARSO 

1*. 

RSOSO 

.472 

CONTENTS  OF  CASE  NUNPER 

18 

B.355 

SEONUN 

10. 

SUBFILE 

REGANAL 

CASNGT 

1.0000 

RSO 

.687 

Rl 

r 

.015 

NVAR 

4. 

NSE 

1.038 

NSELS 

3.047 

NSERATIO 

1.658 

CROSS! 

5.740 

CR03S2 

.010 

CROSS! 

2.748 

cross* 

.125 

CR0SS5 

33.420 

CROSS* 

.0*0 

RLSO 

*1.80* 

KSO 

.000 

NVARSO 

1*. 

RSOSO 

.472 

CONTENTS  OF  CASE  NUNPER 

11 

8.355 

SEONUN 

11. 

sunriLE 

REGANAL 

CASNGT 

1.0000 

RSO 

.*57 

Rl 

l 

.030 

NVAR 

4. 

NSE 

1.330 

USE!  S 

3.047 

NSERATIO 

2.211 

CROSS! 

5.740 

CR0SS2 

.02! 

CROSS! 

2.748 

CP0SS4 

.251 

CR0SS5 

33.420 

CROSS* 

.120 

RLSO 

*1.606 

KSO 

.001 

NVARSO 

16. 

RSOSO 

.472 

CONTCN1S  OF  CASE  MUMPER 

100 

8.355 

SEONUN 

100. 

SUPriLE 

RIG.ANti 

CASNGT 

1.0000 

RSO 

.687 

Rl 

F 

.040 

NVAR 

4. 

NSE 

1.17* 

NSLIS 

3.047 

NSERATIO 

2.70* 

CROSS! 

5.740 

CR0552 

.027 

CROSS! 

2.748 

CR0GS4 

.334 

CR0SS5  ' 

33.420 

CROSS* 

.1*0 

RLSO 

*1.80* 

KSO 

.002 

NVARSO 

I*. 

RSOSO 

.472 
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CONTENTS  OF  CASE  NUMBER 

101 

SEC HUH 

101. 

SUEF1LE 

RE6AIIAL 

CASHGl 

1.0000 

RSO 

.822 

Rl 

8.355 

K 

0 

NVAR 

4. 

HSE 

1.354 

HEELS 

1.354 

HSEPAttO 

1.000 

CROSS1 

t.  860 

CR0SS2 

0 

CR0SS3 

3.288 

CF05S4 

0 

CR0SS5 

33.420 

CR0SS6 

0 

RISC 

69.806 

KSO 

0 

NVATiSO 

16. 

RSOSO 

.676 

CONTENTS  OF  CASE  NUMBER 

102 

SECIIUH 

102. 

SUBFILE 

REGANAL 

CASRGT 

1.0000 

RSO 

.822 

Rl 

8.355 

K 

.005 

NVAR 

4. 

HSE 

1.105 

KEELS 

1.354 

NSERATIO 

1.225 

CROSSI 

E.8E8 

CR0SS2 

.004 

CK0SS3 

3.208 

CK0SS4 

.042 

CR0SS5 

33.420 

CROSSE 

.020 

RISC 

E9.80E 

KSO 

.000 

NVORSO 

16. 

RSOSO 

.676 

CONTENTS  OF  CASE  NUH8ER 

103 

SEOIIUtl 

IOJ. 

SUPFTLE 

REGANAL 

CASNGT 

1.0000 

RSO 

.B22 

RL 

8.355 

K 

.020 

NVAR 

4. 

HSE 

.725 

HSELS 

1.354 

HSERATIO 

I.GL9 

CRCSSI 

E.OiS 

CR0S52 

.016 

CR0353 

3.288 

CRU3S4 

•  .167 

CROSSS 

33.420 

CROSSE 

.080 

RLSQ 

69.806 

KSO 

.000 

NVARSO 

16. 

RSOSO 

.676 

CONTENTS  OF  CASE  NUMBER 

104 

SEOIIUN 

104. 

SUBFILE 

REGANAL 

CASNGT 

1.0000 

RSO 

.822 

Rl 

8.355 

K 

.040 

NVAR 

4. 

N5E 

.501 

HSELS 

1.354 

HSERATIO 

2.703 

CROSSI 

4.069 

CROSS? 

.033 

CR0SS3 

3.769 

CP0SS4 

.334 

CR0SS5 

33.420 

CROSSE 

.160 

RLSO 

69. 806 

KSO 

.002 

NVARSO 

16. 

RSOSO 

.676 

CONTENTS  OF  CASE  NUMBER 

105 

SEorum 

105. 

SUET  HE 

RlEANAl 

CAST’S! 

I. 0000 

RSO 

.990 

Rl 

8.355 

K 

0 

NVAR 

4. 

HSE 

.014 

HSELS 

.014 

HSERATIO 

1.000 

CROSSI 

8.328 

CR0SS2 

0 

CR05S3 

3.992 

CR0S54 

0 

CROSSS 

33.420 

CR055E 

0 

RLSO 

69.806 

KSO 

0 

NVARSO 

16. 

RSOSO 

.996 

CONTENTS  OF  CASE  NUMBER 

IOE 

seonuh 

IOE. 

sirniE 

REGANAL 

CASNGT 

1.0000 

RSO 

.998 

Rl 

8.355 

K 

.005 

NVAR 

4. 

HSE 

.011 

NSEL5 

.014 

HSERATIO 

1.273 

CROSSI 

8.338 

CR0SS2 

.005 

CR0SS3 

3.992 

CR0SS4 

.042 

CR0SS5 

33.420 

CROSSE 

.020 

RISC 

69.806 

KSO 

.000 

NVARSO 

16. 

RSOSO 

.996 

CONTENTS  OF  CASE  MUMPER 

107 

SFCHU1 

107. 

subfile 

REGANAL 

CASNGT 

1.0000 

RSO 

.998 

Rl 

8.355 

r 

.025 

NVAR 

4. 

HSE 

.007 

HSELS 

.014 

HSERATIO 

2.000 

CROSSI 

8.338 

CR0SS2 

.075 

CR0SS3 

3.992 

CT.0SS4 

.209 

CR0SS5 

33.420 

CROSSE 

.100 

RLSO 

69. 006 

KSO 

.001 

NVARSO 

16. 

RSOSO 

.996 

CONTENTS  OF  CASE  NUHPER 

108 

SEC  II  INI 

108. 

SUBFILE 

REGANAL 

CASNGT 

1.0000 

RSO 

.999 

RL 

8.355 

K 

.045 

NVAR 

4. 

USE 

.006 

NSEL5 

.014 

HSERATIO 

2.333 

CROSSI 

8.338 

CPUSS2 

.045 

CR05S3 

3.992 

CR0S54 

.376 

CROSSS 

33.420 

CROSSE 

.180 

RLSO 

69.806 

KSO 

.002 

NVORSO 

16. 

RSOSO 

.996 

VITA 
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